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Abstract—In intelligent environments, computer systems not
solely serve as passive input devices waiting for user interaction
but actively analyze their environment and adapt their behavior
according to changes in environmental parameters. One essential
ability to achieve this goal is to analyze the mood, emotions
and dispositions a user experiences while interacting with such
intelligent systems. Features allowing to infer such parameters
can be extracted from auditive, as well as visual sensory input
streams. For the visual feature domain, in particular facial
expressions are known to contain rich information about a user’s
emotional state and can be detected by using either static and/or
dynamic image features. During interaction facial expressions are
rarely performed in isolation, but most of the time co-occur with
movements of the head. Thus, optical flow based facial features
are often compromised by additional motions. Parts of the optical
flow may be caused by rigid head motions, while other parts
reflect deformations resulting from facial expressivity (non-rigid
motions). In this work, we propose the first steps towards an
optical flow based separation of rigid head motions from non-
rigid motions caused by facial expressions. We suggest that after
their separation, both, head movements and facial expressions
can be used as a basis for the recognition of a user’s emotions
and dispositions and thus allow a technical system to effectively
adapt to the user’s state.

I. INTRODUCTION

A variety of different modalities, such as verbal and nonver-

bal auditory signals, body postures, hand gestures and facial

expressions can be used to deduce a user’s affective state

[1]. Facial expressions constitute one of the most important

and reliable modality for the analysis of human affective

and emotional state [2]. Research has, thus, been extensively

devoted to the automatic recognition of facial expressions to

equip technical systems with the ability to adapt to changes in

a user’s mood, disposition or emotional state based on 2D or

3D data (see [3], [4], [5] for overviews). Starting from the aim

of recognizing basic emotions and the related facial actions [6],

it has been suggested that secondary emotional features which

convey more subtle states [7] are of high relevance under re-

alistic conditions of social interaction. The automatic analysis

of facial affect involves several computational stages of pre-

processing, feature representation and recognition [8], based

on static and/or dynamic input data. The numerous approaches

to facial expression analysis can be coarsely subdivided into

global and local strategies, using landmarks, parts/patches,

or holistic representations of the facial appearance. Efforts

have been spent to investigate characteristic static markers

[9] as well as facial data extracted from image sequences

using templates [3]. Facial movements corresponding to ex-

pressions are often confounded by superimposed motions, e.g.,

of the head or body. A generic approach is to stabilize the

facial appearance and further process the residual non-rigid

spatio-temporal changes as indicators for (changes in) facial

expressions. Such stabilizations can be achieved by, e.g., fitting

different templates with different motion types that distinguish

rigid from non-rigid motions [10], [11]. Alternatively, the

facial appearance can be registered based on form or motion

information using rigid or non-rigid transformations [8]. It

has recently been demonstrated that registration at sub-pixel

resolution based on motion features [12] can improve previous

methods which operate on global image scale [13]. In all,

the residual motion of internal facial components constitute

indicators for analyzing the affect state of a human using

parameterized or non-parameterized representations.

Within the presented work, we follow the general observa-

tion that large-scale, or global, facial motion is mainly caused

by body movements while the internal local-scale motions

are attributable to emotion and affect. Motion information

has been identified to constitute a robust visual feature that

is useful under variable viewing conditions, such as close-

range and distance facial views. Our approach has been

developed in the context of biologically inspired modeling of

object or articulated motion processing. We reason that the

decomposition and analysis of facial expression data utilizes

a generic cortical machinery but specialized into dedicated

networks for extender systems for social processing [14].

We suggest that dynamic facial features can be extracted

reliably, even without prior explicit registration, in order to

feed structure-from-motion processes that operate in parallel

with the identification of dynamic facial signatures. The model

is inspired by computational approaches suggesting the extrac-

tion of kinetic features from flow [15] and the subdivision of

input representation generated at different scales (similar to

[10]). Our key contribution suggests the scale-space analysis

of affine flow patterns to build rich representations of flow

components of the moving face and its compositions. These

can feed subsequent stages of pose or expression analysis

based on motion features.
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Fig. 1. Rigid head and non-rigid facial motions and their combination. Optical
flow patterns are shown for different combinations of facial expressions and
head motions. Directions are color-encoded, speed is indicated by opacity. The
leftmost optical flow field was obtained by using an input sequence containing
solely a facial expression (raising the eyebrows, while opening the mouth).
In the absence of overall head motion, the non-rigid motion caused by the
raising eyebrows and the opening mouth is directly reflected in the flow field.
Flow patterns for a vertical and a horizontal head rotation without a change in
the facial expression are shown in the second and third flow field. The forth
and fifth flow fields show the superposition of a vertical and a horizontal
head rotation with the same facial expression as in the first flow field. Note
that co-occurring head motions and facial expressions result in a change of
the direction and speed estimates. Image sequences were generated using the
BU-4DFE database [16], optical flow was estimated using [17].

II. MATERIAL & METHODS

The proposed approach for the localization and identi-

fication of rigid and non-rigid facial motions builds upon

estimated optical flow fields. Each input is transformed into

direction tuned maps and compared to a set of motion pat-

terns on different scales. The result of the template matching

procedure is then used to infer which parts of the optical flow

field are caused by rigid motions and which changes in the

optical flow field reflect non-rigid motions, or deformations.

The underlying assumption is that rigid head motions are

captured by templates matching the input on larger scales,

whereas non-rigid motions primarily occur at smaller scales

and are contrastive to surrounding patterns. Some details of

the proposed processing method are given in the following.

An input optical flow field �v �x u �x , v �x (with pixel

coordinates �x x1, x2 ) from preprocessed input sequences

is first transformed into direction tuned maps xin �x, φ (see

Fig. 3A), which are then matched against a set of predefined

motion templates p �x, φ, α, s by performing a convolution as

defined by

xpattern �n, α, s :
�x,φ

xin �n �x, φ p �x, φ, α, s , �n (1)

where �n n1, n2 denotes a spatial position in Cartesian

coordinates, φ specifies the peak selectivities of the direction

tuned input maps and α determines the specific motion tem-

plate of size s. The transformation into direction tuned maps is

realized by a Gaussian weighted binning procedure. For each

flow vector a distance dependent value is assigned to the map
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Fig. 2. Motion pattern templates. A set of motion pattern templates on
different scales is used to decompose an input optical flow field. Within
our simulations, we use motion pattern templates for contraction (CON),
expansion (EXP), clockwise and counterclockwise rotation (CW and CCW),
as well as right-, up-, left- and downward translations (RIGHT, UP, LEFT
and DOWN). Each row shows one motion pattern template represented as a
field of direction tuned maps. Only one scale is shown.

with the closest matching preferred direction. Note, that the

sensitivity of the template matching procedure is steered by

the number of preferred directions (bins) and the weighting

function. The number of bins is not limited in general, but

directly affects the computation time. The templates of specific

motion patterns are defined by

p �x, φ, α, s : max cos φ α �x, s , 0 . (2)

Here, the direction selectivity of the motion pattern templates

is adjusted by rectifying the cosine tuning function. Table I

lists how different motion patterns are generated by choosing

appropriate values for α �x, s (see the visualization in Fig. 2).

TABLE I
DEFINITION OF MOTION PATTERN TEMPLATES

Motion pattern template α �x
Expansion/contraction arctan2 x2, x1

Counterclockwise/clockwise rotation arctan2 x1, x2

Up/down 1
2
π 3

2
π

Left/right π 0

The result of the template matching procedure is used to

determine the best matching motion pattern response in local

regions on different scales and thus to localize and identify

the types of motions which occur in different regions of the

input motion field. We suppose that this kind of information is

suitable to further process the input flow field and ultimately

decompose the motion into its rigid and non-rigid parts.
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III. RESULTS

As a first step, we used artificially generated optical flow

fields to evaluate whether the proposed method is capable of

localizing and identifying different motion pattern types within

a compound optical flow field. Figure 3A shows an exemplary

input flow field, which was generated by superimposing a

clockwise rotation centered close to the upper left with an

expansion located around the center of the input. The size of

the rotation pattern was 120�120 px, whereas the dimensions

of the expansion pattern were set to 11 � 11 px. First, the

input optical flow field was transformed into direction tuned

maps. The result of this transformation is displayed in the

bottom row of Fig. 3A. We used eight direction tuned maps

with the preferred directions of φ � �0, 45, ..., 270, 315�. After

the transformation, the resulting direction tuned maps were

convolved with the eight templates with dimensions of 10�10,

20 � 20, 40 � 40, 80 � 80 and 120 � 120 px displayed

in Fig. 2. The result of the convolution is shown in Fig.

3B. Independent of the precise location, the overall motion

pattern is best matched by the clockwise rotation template

(CW) a larger scales. For large templates, small deviations

between the input pattern and the motion pattern template

only slightly affect the template matching result and therefore

become insignificant. On the contrary, the more the size of

the motion pattern templates decreases, the more localized the

result of the template matching gets. As can be seen in Fig. 3B,

it is possible to precisely localize the center of the clockwise

rotation using template sizes of 10 � 10 to 20 � 20 px. In

addition, even the small deviations between the input and the

large clockwise rotation template strongly affect the template

matching result for small template sizes. This finally enables

the identification and localization of additional components

within the overall motion field. In the given example, it is

thus possible to localize and identify the expansion pattern

(EXP) superimposed on the clockwise rotation (see Fig. 3B).

In a second step we applied the same template matching

procedure on realistic sequences of dynamic facial expres-

sions. We used a 3D dynamic facial expression database (BU-

4DFE; [16]), enabling us to systematically combine different

facial expressions with head rotations. Figure 4A shows the

results for a facial expression combined with a head rotation,

as well as for the respective head rotation and facial expression

in isolation. Again it can be seen, that small-scale templates

are suitable for the detection of non-rigid facial-expressions,

whereas templates on larger scales allow the identification of

the head rotation.

In Fig. 4B we finally show the results of a similar approach

[18], where a set of biologically inspired filter combinations

was successfully used for the detection of head rotations and

eye blinks in real image sequences. Such filter combinations

were designed to selectively read out and combine a restricted

set of responses from a bank of filters such as those described

above. Within the present work we aim at increasing the

variety of the motion templates to allow the detection of a

larger number of head movement and facial expression events.

0° 45° 90° 135° 180° 225° 270° 315°

CCW UPRIGHT LEFT DOWNCWCON EXP

10

20

40

80

120

Template matching resultB

Compound optical flow fieldA

Fig. 3. Results on an artificial optical flow field. As a first evaluation, we used
an artificially generated optical flow field combining a clockwise rotation with
an expansion. A shows the flow field (subsampled), as well as the region of
superposition (enclosed by a red rectangle) alongside with the decomposition
into the two motion types. B shows the result of matching the corresponding
direction tuned maps (displayed in the bottom row of A) to eight different
motion pattern templates in multiple sizes (see Fig. 2). Similarity is indicated
by color values ranging from black (no similarity) to white (high similarity).
According to the characteristics of the input motion field, the clockwise
rotation pattern (CW) dominates the results on the larger scales, whereas small
template sizes allow a precise localization of the rotation center, as well as the
identification of additional motion components, such as the expansion pattern
(EXP) superimposed on the clockwise rotation.

IV. CONCLUSION

Using artificially generated optical flow fields, we demon-

strate that the identification of different superimposed optical

flow patterns within a compound optical flow field is pos-

sible by using a simple multiscale template matching based

approach. Without loss of generality, we restricted the set of

used templates to motion patterns which are most likely to

occur in the context of facial motions, namely contraction,

expansion, translatory, as well as rotatory motions. We argue,

that the presented results can be transferred to the domain of

facial expression and head motion analysis and successfully

applied for the localization and identification of rigid and non-

rigid facial motions. The idea behind this assumption is, that

rigid head motions and non-rigid motions caused by facial

expressions operate on different scales and thus multiscale

template matching approaches enable the localization of the

different motion types.
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Fig. 4. Application on real image sequences. We used the BU-4DFE 3D dynamic facial expression dataset [16] to generate image sequences containing
different combinations of head rotation (yaw) to the right and facial expression (eye closing while slightly moving the nose). For exemplary input sequences
see Fig. 1. A shows the template matching result for a head rotation, a facial expression without head rotation and the combination of both (first, second
and third row) on two scales (10 � 10 and 80 � 80 px). The results indicate that the head yaw rotation is captured by the left translation pattern (LEFT)
at large scale in both cases (head rotation only and compound motion). Likewise, the closing of the eyes is reflected by the responses of the downward
translation (DOWN) template on the smaller scale in the facial expression only and the compound motion sequence. B shows how head rotations and eye
blinks are successfully detected in a real image sequence by combining the responses of multiple motion templates. These results were generated using a
restricted set of biologically plausible motion detectors sensitive to motion gradients and local contrasts [18] read out and combined from a multiscale filter
bank. Filter responses (second and third row) are displayed together with manually labeled ground truth data (first row). Exemplary processing snapshots and
the corresponding input image are shown in the bottom row. B modified from [18].

ACKNOWLEDGMENT

This work has been supported by the Transregional Collab-

orative Research Centre SFB/TRR 62 “A Companion Technol-

ogy for Cognitive Technical Systems” funded by the German

Research Foundation (DFG).

REFERENCES

[1] M. Argyle, Bodily Communication. Methuen, 1988.
[2] M. Pantic, A. Pentland, A. Nijholt, and T. Huang, “Human computing

and machine understanding of human behavior: A survey,” in Artifical
Intelligence for Human Computing, ser. LNCS. Springer, 2007, vol.
4451, pp. 47–71.

[3] M. Pantic and L. J. M. Rothkrantz, “Automatic analysis of facial
expressions: The state of the art,” IEEE Trans. Pattern Anal. Mach.
Intell., vol. 22, pp. 1424–1445, 2000.

[4] B. Fasel and J. Luettin, “Automatic facial expression analysis: a survey,”
Pattern Recogn., vol. 36, pp. 259–275, 2003.

[5] G. Sandbach, S. Zafeiriou, M. Pantic, and L. Yin, “Static and dynamic
3d facial expression recognition: A comprehensive survey,” Image Vision
Comput., vol. 30, pp. 683–697, 2012.

[6] P. Ekman and H. Oster, “Facial expressions of emotion,” Annu. Rev.
Psychol., vol. 30, pp. 527–554, 1979.

[7] G. Castellano and P. McOwan, “Towards affect sensitive and socially
perceptive companions,” in Your Virtual Butler, ser. LNCS. Springer,
2013, vol. 7407, pp. 42–53.

[8] E. Sariyanidi, H. Gunes, and A. Cavallaro, “Automatic analysis of facial
affect: A survey of registration, representation and recognition,” IEEE
Trans. Pattern Anal. Mach. Intell., vol. 99, no. PrePrints, 2015.

[9] M. Pantic and L. Rothkrantz, “Expert system for automatic analysis of
facial expressions,” Image Vision Comput., vol. 18, pp. 881–905, 2000.

[10] M. Black and Y. Yacoob, “Tracking and recognizing rigid and non-rigid
facial motions using local parametric models of image motion,” in Proc.
5th Int. Conf. on Computer Vision, 1995, pp. 374–381.

[11] Y. Yacoob and L. Davis, “Recognizing human facial expressions from
long image sequences using optical flow,” IEEE Trans. Pattern Anal.
Mach. Intell., vol. 18, pp. 636–642, 1996.

[12] E. Sariyanidi, H. Gunes, and A. Cavallaro, “Probabilistic subpixel
temporal registration for facial expression analysis,” in Computer Vision
– ACCV 2014, ser. LNCS. Springer, vol. 9006, pp. 320–335.

[13] G. Tzimiropoulos, V. Argyriou, S. Zafeiriou, and T. Stathaki, “Robust
FFT-based scale-invariant image registration with image gradients,”
IEEE Trans. Pattern Anal. Mach. Intell., vol. 32, pp. 1899–1906, 2010.

[14] A. J. O’Toole, D. A. Roark, and H. Abdi, “Recognizing moving faces:
A psychological and neural synthesis,” Trends Cogn. Sci., vol. 6, pp.
261–266, 2002.

[15] S. Ali and M. Shah, “Human action recognition in videos using
kinematic features and multiple instance learning,” IEEE Trans. Pattern
Anal. Mach. Intell., vol. 32, pp. 288–303, 2010.

[16] L. Yin, X. Chen, Y. Sun, T. Worm, and M. Reale, “A high-resolution
3d dynamic facial expression database,” in Proc. 8th IEEE Int. Conf. on
Automatic Face Gesture Recognition (FG ’08), 2008, pp. 1–6.

[17] T. Brox, A. Bruhn, N. Papenberg, and J. Weickert, “High accuracy
optical flow estimation based on a theory for warping,” in Computer
Vision – ECCV 2004, ser. LNCS. Springer, 2004, vol. 3024, pp. 25–
36.

[18] S. Tschechne, G. Layher, and H. Neumann, “A biologically inspired
model for the detection of external and internal head motions,” in
Artificial Neural Networks and Machine Learning – ICANN 2013, ser.
LNCS. Springer, 2013, vol. 8131, pp. 232–239.

179179179




