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Abstract

Speaker-dependent audio-visual emotion recognition
was performed using an English database (4 male actors,
7 emotions). A total of 106 audio and 240 visual features
were extracted, and feature selection was performed with
Plus l-Take Away r algorithm based on Bhattacharyya
distance criterion. The PCA and LDA were applied to
the selected features for feature reduction, and Gaussian
classifiers were used for classification. Higher recognition
performance was achieved for the visual and audio-visual
features compared to the audio features.

1 Introduction

Human communication employs

• verbal

• non-verbal: facial expressions, and tone of voice

Important audio and visual features for emotion recognition

•Audio features: fundamental frequency, energy, duration,
spectral energy, formants, MFCCs, jitter, and shimmer at
utterance level [5, 9, 10], and at frame level [7, 6, 1].

•Visual features: forehead, eye-region, cheek and lip.
Since the fusion of audio and visual information has yielded
higher recognition performance [4, 2, 8], therefore we com-
bined the two modalities at decision level for audio-visual af-
fect recognition.

2 Method

We performed the emotion recognition from audio and visual
modalities in four steps (Fig. 1).

1.Feature extraction: A total of 106 utterance-level audio
features were extracted related to fundamental frequency,
energy, duration and spectral envelope (Fig. 4 (left)); 240
visual features were obtained from 2D marker co-ordinates
(Fig. 4 (right)).

2.Feature selection: The top 40 features were selected
for each of the audio and visual modality by Plus l-Take
Away r algorithm [3] using Bhattacharyya distance crite-
rion (Fig. 5).

3.Feature reduction: PCA and LDA transformations were
applied to the selected features (Fig. 6).

4.Classification: Gaussian classifiers were used for classifi-
cation between different emotions.
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Figure 1: Block diagram of our experimental method.

Database:

•A total of 480 utterances from 4 male actors with 60
markers painted on actors’ face.

• Seven emotions: anger, disgust, fear, happiness, neutral,
sadness and surprise (Fig. 2).

• 15 phonetically-balanced TIMIT sentences per emotion:
3 common, 2 emotion specific and 10 generic sentences.

• 3dMD dynamic face capture system, video sampled at
60 fps and audio at 44.1 kHz.

Figure 2: Facial markers placed on four subjects with expres-
sions (from left): Displeased (anger, disgust), Gloomy (fear, sad-
ness), Excited (happiness, surprise) and Neutral (neutral).

Data Evaluation:

•Human tests provide a bench mark for the recognition
accuracy.

•Three types of clips: audio, visual and audio-visual.

•Data evaluated by 10 subjects (5 native English speakers,
5 female).

• Subjects play clips and select from one of the 7 emotions
on a paper sheet.

• 4 emotion categories: Displeased (anger, disgust),
Gloomy (fear, sadness), Excited (happiness, surprise) and
Neutral (neutral).

.

Figure 3: Perception experiments (from left): audio, visual, and
response sheet.

Figure 4: Audio feature extraction with SFS software (left), and
video data (right) with overlaid tracked marker locations. The
reference marker was on the bridge of the nose (black circle).

Figure 5: Feature selection with Plus l-Take Away r (l=2, r=1)
algorithm. The green circles show the original features, and or-
ange ones are the selected features.

Figure 6: Feature reduction techniques: (a) Principal Com-
ponent Analysis, and (b) Linear Discriminant Analysis where
N<C, where C is the number of classes.

3 Experimental results

Three sets of emotion recognition experiments were performed

1. Audio

2. Visual

3. Audio-visual
The audio-visual experiments were performed by combining
the two modalities at decision level (product) with equal
weighting (Fig. 7).
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Figure 7: Diagram of audio and visual fusion at decision level.

Figure 8: Average recognition rate (%) over 4 actors with audio,
visual, and audio-visual features for 7 emotion classes.

Figure 9: Average recognition rate (%) over 4 actors with audio,
visual, and audio-visual features for 4 emotion classes.

Table 1: Average classification scores (%) over 4 actors achieved
with the audio, visual and audio-visual data for 7 emotions.

Recogniser Audio Visual Audio-visual

Human 66.5 ± 2.5 88.0 ± 0.6 91.8 ± 0.1
(10 subjects)

Machine 56.3 ± 6.7 95.4 ± 1.6 97.5 ± 0.8

(LDA 6)
Machine 50.0 ± 6.0 91.7 ± 2.1 92.9 ± 2.1
(PCA 10)

Table 2: Average classification scores (%) over 4 actors achieved
with the audio, visual and audio-visual data for 4 emotions.

Recogniser Audio Visual Audio-visual

Human 76.3 ± 2.4 91.3 ± 1.1 95.2 ± 0.6
(10 subjects)

Machine 68.5 ± 4.8 97.9 ± 1.2 97.9 ± 1.2

(LDA 3)
Machine 61.7 ± 4.3 90.2 ± 3.3 92.3 ± 2.7
(PCA 7)

4 Conclusions

In classification tests on a British English audio-visual emo-
tional database:

•LDA outperformed PCA.

•Both audio and visual information are useful for emotion
recognition.

•The energy and MFCC features were identified as the
most important audio features for emotion recognition.

•The vertical movement of face was more important for
emotion recognition, especially in eye and cheek regions.

•For the visual and audio-visual features, our system
recognition performance was very close and even higher than
humans.

•Future work is to perform speaker independent ex-
periments with more data and by using other classifiers,
e.g. GMM and SVM.
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