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Abstract

The information of the psycho-physical state of the
subject is becoming a valuable addition to the modern
audio or video recognition systems. As well as enabling
a better user experience, it can also assist in superior
recognition accuracy of the base system. In the article,
we present our approach to multi-modal (audio-video)
emotion recognition system. For audio sub-system, a
feature set comprised of prosodic, spectral and cep-
strum features is selected and support vector classifier
is used to produce the scores for each emotional cat-
egory. For video sub-system a novel approach is pre-
sented, which does not rely on the tracking of specific
facial landmarks and thus, eliminates the problems usu-
ally caused, if the tracking algorithm fails at detect-
ing the correct area. The system is evaluated on the
eNTERFACE database and the recognition accuracy of
our audio-video fusion is compared to the published re-
sults in the literature.

1. Introduction

The field of audio and video processing has seen
over the past years, an increase in research of emotion-
related analysis and modeling. The automatically de-
tected emotional state of the subject promises to assist
in increasing the performance of the systems dealing
with the main challenges in audio and video processing
such as identification and verification (audio and video)
or speech recognition. The added information about the
subject’s emotional state can also provide crucial infor-
mation, e.g. to dialog systems (if a user frustration is
detected, the system could switch to a human operator),
user modeling systems or can even enable a more secure
and credible exchange of information [8].

Prosodic features usually form the basis for emo-
tion recognition from audio signals [1], but other types

of features have also been considered. In [3] we pre-
sented a successful application of linear transformations
of Hidden Markov Models (HMM) as a feature for emo-
tion recognition. Recently, the highest recognition rates
are reported when spectral, cepstral and voice quality
features are added to the ”standard” prosodic features
set [10]. Hence, the use of such a broad set of features
for our audio sub-system is the obvious choice.

Most of the existing emotion recognition schemes
relying on facial expression analysis use feature- or
region-based approaches to determine the emotional
state of the subject in the given image or video se-
quence. Sebe et al. [11] categorize the feature-based
approaches as techniques that detect and track specific
features, such as the corners of the mouth or eyebrows,
and the region-based approaches as methods in which
facial motion is measured in certain regions on the face
such as the eye or mouth region. These techniques re-
quire detecting and tracking of specific facial landmarks
throughout the entire length of the image- or video-
sequence. We, however, take a different approach and
perform emotion recognition from video data based on
matching of image sets [4], [13]. This way, no track-
ing of individual facial landmarks is needed, instead it
relies solely on the facial region as a whole, which can
efficiently be extracted from the video sequence using
existing face detection techniques [12].

The eNTERFACE emotion database [6] is used in
development and evaluation of our system since it has
been extensively tested in the past [5], [7], [9], and
hence, the already reported results present the reference
for our system.

2. Multi-modal emotion recognition system

The multi-modal emotion recognition system pre-
sented in this paper consist of two sub-systems rely-
ing on audio in video input. The video sub-system
comprises several modules: (i) the face detection mod-
ule that detects the facial region of the given video se-



quence, (ii) the subspace creation module, which con-
structs a subspace from the extracted facial images to
encode the emotional state, and (iii) the matching mod-
ule that compares the subspace constructed from the
video sequence to the prototypical subspaces of the
emotional classes using canonical correlations.

Similarly, the audio sub-system comprises of: (i)
the feature extraction module that calculates the feature
vector for each sample file and (ii) a matching module,
which produces the scores, based on the support vec-
tor models of each class. Finally, both sub-systems are
combined at the matching score level using weighted
sum-rule fusion to make a multi-modal decision about
the emotional state of the subject in the given video se-
quence.

3. Emotion recognition from video

3.1. Face detection

The first step in facial expressions analysis is the de-
tection and tracking of the facial region throughout the
entire video sequence. To this end we adopt the popular
Viola-Jones face detector [12] and apply it to all frames
of the given video sequence. The result of this proce-
dure represents a set of facial images which are resized
to a fixed size of 64 × 64 pixels and ultimately sub-
jected to a histogram equalization procedure to account
for any potential illumination variations present during
the recording of the video sequence. Some sample im-
ages are shown in Fig. 1.

Figure 1. Sample facial regions extracted
from a video sequence (Anger).

No geometric alignment of the facial region is per-
formed on the extracted images, which adds additional
robustness to our approach, as no localization of the
specific facial landmarks is necessary.

3.2. Subspace creation

The second step in our video-processing-chain rep-
resents the creation of a subspace that encodes the emo-
tion expressed in the given video sequence and is em-
ployed in the classification step to determine the best
matching emotional state.

Let us assume that we have a set of facial images
XZ = {xi ∈ Rd; for i = 1, 2, ..., nZ} extracted from
the given video sequence Z . Here, xi denotes the i-
th d-dimensional facial image (in vector form) from the
video sequence and nZ stands for the number of frames
in the sequence Z . We assume that each of the nZ facial
images xi can be decomposed into the following form:

xi = x̂i + ci, (1)

where x̂i represents the identity-specific (constant) part
of the image xi, and ci stands for the variable part of
the image caused, for example, by variations in illumi-
nation, pose or facial expression.

While illumination changes are caused by external
conditions, changes in pose and most of all facial ex-
pression can be linked to the emotional state of the sub-
ject. If we assume that the variable part ci of the image
represents a random variable drawn from the standard-
ized normal distribution N (0, 1), then we can show that
the video-sequence-conditional mean µZ represents an
estimate of the constant identity-specific part of the im-
ages xi given by Eq. (1), i.e.:

µZ =
1

nZ
(

nZ∑
i=1

x̂i +

nZ∑
i=1

ci) =
1

nZ

nZ∑
i=1

x̂i. (2)

Based on the presented observation we can conclude
that if we remove the mean µZ from all facial images
xi comprising the set XZ , we arrive at a new image
set encoding only the variable (or channel) part of the
video sequence, i.e.: CZ = {ci = xi − µZ ; for i =
1, 2, ..., nZ}. An example of the estimated identity-
specific part as well as some channel images (corre-
sponding to the Fig. 1) are shown in Fig. 2.

Figure 2. The estimated identity specific
part of the images in the video sequence
(left), channel images (right).

To capture the variability of the channel images into
a subspace that can be used for classification, we com-
pute a scatter matrix Σ from the set of channel images
CZ . The first step here is the construction of the chan-
nel matrix C ∈ Rd×n, i.e., C = [c1, c2, ..., cn]. This
matrix is then employed for computation of the scatter
matrix Σ ∈ Rd×d: Σ = CCT , where T denotes the
transpose operator.

The subspace encoding the channel variations is ul-
timately determined by the leading eigenvectors (that



correspond to non-zero eigenvalues) of the following
eigenproblem: Σwi = λiwi, i = 1, 2, ..., d′ ≤ n.
To ensure that the computed subspace encodes mostly
information related to the emotional state of the sub-
ject in the given video sequence, we discard the first
three eigenvectors, which are usually linked to illumi-
nation changes. Thus, we obtain the following subspace
from the given video sequence Z: WZ = {wi; for i =
4, 5, ..., d′ ≤ n}.

3.3. Building the emotional-class models

Here, we follow a similar approach as the one de-
scribed in the previous section and compute a subspace
for each emotional-class featured in the training data.

Let us assume that our training data consists of
p sets of facial images (extracted from p video se-
quences) XZ1 ,XZ2 , ...,XZp that correspond to N emo-
tional classes labeled as ω1, ω2, ..., ωN . We then build
a subspace Wωi (for i = 1, 2, ..., N ) for each emotional
class by a simple eigen-decomposition of the emotion-
specific scatter matrix Σωi , i.e.: Σωi = CωiC

T
ωi
,,

where Cωi stands for the emotion-specific channel
matrix, which is constructed by simply concatenating
the channel matrices corresponding to the image sets
XZj∈ωi of the emotional class ωi.

As a result of the presented procedure, we obtain N
subspaces Wω1 ,Wω2 , ...,WωN

that serve as prototypes
for our N emotional classes.

3.4. Matching the subspaces

Let us consider two d′-dimensional linear subspaces
WZ and Wω. We can measure the similarity of the
two subspaces in terms of the so-called canonical cor-
relations, which represent cosines of principal angles
0 ≤ θ1 ≤ θ2 ≤ ... ≤ θd′ ≤ (π/2) and are defined
as follows:

cosθi = max
wZi∈WZ

max
wωi∈Wω

wT
Ziwωi, (3)

subject to wT
ZiwZi = wT

ωiwωi = 1, wT
ZjwZi =

wT
ωjwωi = 0, for i ̸= j [4], where the vectors wZi and

wωi represent the i-th basis vectors of the subspaces
WZ and Wω , respectively.

The canonical correlations can be computed via Sin-
gular Value Decomposition (SVD) of the correlation
matrix of the two subspaces. Let WZ and Wω stand for
the matrices containing in their columns the orthonor-
mal basis vectors of the subspaces WZ and Wω. Then
the SVD of the correlation matrix can be written as:

WT
ZWω = QZωΛQωZ , (4)

where Λ stands for the diagonal matrix of canonical
correlations, i.e., Λ = diag(cosθ1, cosθ2, ..., cosθ

′
d)

and QZω, QωZ represent orthogonal matrices.
The canonical correlations measure the similarity of

two subspaces. The first canonical correlation accounts
for the similarity of the closest two basis vectors of
the two subspaces, while the remaining ones carry in-
formation about the proximity of the basis vectors in
other dimensions [4], [13]. For classification purposes
we use only the first (the maximum) canonical correla-
tion and define the similarity between two subspaces as
δ(WZ ,Wω) = cosθ1. Thus, we formulate the classifi-
cation problem as follows:

δ(WZ ,Wωk
) = maxN

i=1δ(WZ ,Wωi
) 7→ WZ ∈ ωk.

(5)
The above expression postulates that if the similarity
between the subspaces WZ and Wωk

is the highest
among the similarities to all N subspaces then the sub-
space WZ is assigned to the k-th class.

4. Emotion recognition from audio

Following the Interspeech 2009 Emotion Challenge
[10], where a state-of-the-art emotion recognition fea-
ture set was presented, we based our audio sub-system
on prosodic, cepstral and voice quality features. The
selected low level descriptors (LLD) are: pitch fre-
quency, root-mean-square value of energy, 12 MFCCs,
harmonics-to-noise ratio (HNR) and zero crossing rate
(ZRC). After delta coefficients are added to the LLDs,
12 functionals (maximum; minimum; range; max posi-
tion; min position; mean; std. deviation; linear regres-
sion: offset, slope and mean-square-error; kurtosis and
skewness) were applied. The open source utility openS-
MILE [2] is used to extract the described feature set.

Following the pairwise (one-vs-one) classification
strategy, a sequential minimal optimization algorithm
is used to train a support vector (SVM) classifier for
each pair of emotions. After the training, a test sam-
ple is classified by each SVM and each time the wining
emotion class receives a vote. The final emotion is de-
termined by max-wins voting strategy, where the class
with most votes is assigned to the test sample.

5. Experiments and results

A stratified 5-fold cross-validation (80% for training
and 20 % for testing) is employed. A third degree poly-
nomial kernel is used for SVM classification in audio
sub-system. The highest recognition rate in the video
sub-system is achieved using a 500-dimensional sub-
space (described in Section 3).



Table 1. Confusion matrices for Audio, Video and Fusion (from left to right)
an di fe ha sa su

an 66 3 6 5 2 1
di 7 54 9 11 2 3
fe 8 14 45 6 3 5
ha 11 10 6 48 1 10
sa 4 2 9 2 64 7
su 4 10 16 10 7 44

an di fe ha sa su

an 50 9 0 13 5 6
di 13 47 6 17 0 3
fe 16 8 31 6 11 9
ha 5 3 0 70 2 6
sa 10 1 8 14 46 9
su 18 2 11 11 16 33

an di fe ha sa su

an 70 3 4 4 1 1
di 6 54 12 8 2 4
fe 10 9 49 3 6 4
ha 4 4 5 68 0 5
sa 1 3 7 1 68 8
su 3 5 6 12 10 55

Table 2. Average recalls (%)
An Di Fe Ha Sa Su All

Audio 79 64 57 58 73 49 62.9
Video 61 54 41 81 54 37 54.7

Fusion 84 63 63 80 78 60 71.3

Half of the test samples in each fold, form the evalu-
ation data for estimating the fusion parameters, and the
other half is used for the actual testing. To enable the
fusion procedure, the min-max normalization is applied
to both, audio and video set of scores. Confusion matri-
ces, showing the distribution of the errors, for both sub-
systems are shown in Table 1., as well as the confusion
matrix of the fusion. Emotion labels follow the labeling
in the database: anger (an), disguise (di), fear (fe), hap-
piness (ha), sadness (sa) and surprise (su). Comparing
individual sub-system’s average recall in Table 2. we
can see that the audio sub-system has a superior recog-
nition rate (62.9%), as oppose to the video sub-system
(55%). However, a video recognition does extremely
well in recognizing happiness (above 80%). The in-
crease in accuracy, gained by audio-video fusion, can
be observed in the last column in Table 2. The average
recalls (over all emotions) for both sub-systems are su-
perior to the one reported in [5] (37% for video and 33%
for audio), plus our system does not relay on any facial
landmark tracking, and hence is not that susceptible to
tracking errors.

6. Conclusion

We presented our multi-modal emotion recognition
system based on canonical correlations for video sub-
system, and combination of prosody, spectral and cep-
strum features for audio sub-system. The system was
tested using the eNTERFACE database and by using a
more robust approach for video sub-system, without the
need to track certain areas of the face, a similar recog-
nition rates as already reported, were achieved. In the
future, we will focus on increasing the accuracy of the

audio sub-system by evaluating the possibility of using
linear transformations of HMMs as an emotion feature
and testing the proposed method of emotion recognition
from video on other databases.
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tion recognition using linear transformations in combi-
nation with video. In Proc. of Interspeech 2009.

[4] T. Kim, J. Kittler, and R. Cipolla. Discriminative learn-
ing and recognition of image set classes using canonical
correlations. TPAMI, 29(6):1005–1018, June 2007.

[5] M. Mansoorizadeh and N. M. Charkari. Multimodal in-
formation fusion application to human emotion recogni-
tion from face and speech. Multi. Tools and App, 2009.

[6] O. Martin, I. Kotsia, B. Macq, and I. Pitas. The enter-
face’05 audio-visual emotion database. In ICDEW ’06,
Washington, DC, USA.

[7] M. Paleari, R. Benmokhtar, and B. Huet. Evidence
theory-based multimodal emotion recognition. In MMM
’09, pages 435–446, Berlin, 2008.

[8] J. Pittermann, A. Pittermann, and W. Minker. Han-
dling Emotions in Human-Comp. Dialog. Springer,
Dordrecht (The Netherlands), 2009.

[9] B. Schuller. Speaker, noise, and acoustic space adapta-
tion for emotion recognition in the automotive environ-
ment. In Proc. 8th ITG conf. on Speech Comm., 2008.

[10] B. Schuller, S. Steidl, and A. Batliner. The interspeech
2009 emotion challenge. In Proc. Interspeech 2009.

[11] N. Sebe, I. Cohen, and T. G. T. Huang. Multimodal
approaches for emotion recognition : A survey. In Proc.
of SPIE, volume 5670, pages 56–67, January 2005.

[12] P. Viola and M. Jones. Robust real-time face detection.
Int. J. of Comp. Vision, 57(2):137 – 154, 2004.

[13] O. Yamaguchi, K. Fukui, and K. Maeda. Face recogni-
tion using temporal image sequence. In Proc. of AFGR,
pages 318–323, 1998.


