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Abstract. The present work studies the effect of emotional speech on a smarthome application. Specifically, we evaluate the recognition performance of the
automatic speech recognition component of a smart-home dialogue system for
various categories of emotional speech. The experimental results reveal that
word recognition rate for emotional speech varies significantly across different
emotion categories.
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1 Introduction
The use of spoken dialogue applications has been increased over the last decade. It is
common that services such as info-kiosks, telephone centers and smart-home
applications are supported by multimodal dialogue systems. The challenge in
technology is to provide user-friendly human-machine interaction, which guarantees
robust performance in variety of environmental conditions or behavioral styles.
To this end, a number of spoken dialogue systems have been reported. Most of
them focus on designing various techniques concerning the dialogue flow between the
user and the system. In [1] an adaptive mixed initiative spoken dialogue system
(MIMIC) that provides movie show-time information is described. MIMIC has been
implemented as a general framework for information query systems, by decoupling its
initiative module from the goal selection process, while allowing the outcome of both
processes to jointly determine the response strategies employed. In [2] MiPad, a
wireless personal digital assistant is presented. It fully integrates continuous speech
recognition and spoken language understanding. In [3] a multimodal application’s
architecture is described. This architecture combines finite-state multimodal language
processing, a speech-act based multimodal dialogue manager, dynamic multimodal
output generation and user-tailored text planning, so as to enable rapid prototyping of
multimodal interfaces with flexible input and adaptive output. The application
provides a mobile multimodal speech-pen interface to restaurant and subway
information. In [4] a multimodal dialogue system using reinforcement learning for incar scenarios is demonstrated. The baseline system is built around the DIPPER

dialogue manager [5]. The DIPPER dialogue manager is initially used to conduct
information-seeking dialogues with a user, such as finding a particular hotel and
restaurant, using hand-coded dialogue strategies. The task and user interface modules
of a multimodal dialogue system development platform are presented in [6]. The
system is evaluated for a travel reservation task.
The aforementioned approaches try to meet the needs for successful interaction
experiences through: (a) Keeping track of the overall interaction of the user with the
dialogue system, with a view to ensuring steady process towards task completion, and
(b) proper management of mixed initiative interaction. The basic component that
determines the performance of a dialogue system is the automatic speech recognition
(ASR) component. In [7] Rotaru et al. examined dependencies between speech
recognition problems and users’ emotions. Moreover, previous ASR experiments
prove that the user’s emotional state affects significantly the recognition performance.
In [8] Steeneken and Hansen performed experiments on speech data characterized by
different kind of difficulties. The results show the strong effect of emotions on the
performance of the speech recognizer. In [9] Polzin and Waibel demonstrated that
automatic speech recognition accuracy varies significantly depending on the
emotional state of the speaker. Their research focused on performing
experimentations on five major emotion categories {neutral, happiness, sadness, fear,
anger}. Further experiments, realizing emotion-specific modeling, improved the word
accuracy of the speech recognition system, when faced with emotional speech.
Athanaselis et al. addressed the task of recognizing emotional speech by using a
language model based on increased representation of emotional utterances [10].
In the present work, we study the effect of emotional speech recognition on smarthome application. Specifically, we examine the variation in the speech recognition
performance for a variety of emotion categories. The present research is important for
providing estimation about the potential gain of ASR performance that can be
obtained, if an emotion recognition component is incorporated into our application.

2 The spoken dialogue system of the LOGOS project
The scope of the LOGOS project is to research and develop a smart-home automation
system that offers user-friendly access to information, entertainment devices and
provides the means for controlling intelligent appliances installed in a smart-home
environment. Fig. 1 illustrates the overall architecture of the LOGOS system, and the
interface to various appliances, such as high definition television (HDTV), DVD
player, mobile phone, etc. The multimodal user interface of that system allows the
home devices and appliances to be controlled via the usual infrared remote control
device, PC keyboard, or spoken language. In the present study, we focus on the
speech interface and the spoken dialogue interaction.
Fig.1 presents in detail the architecture of the spoken dialogue interaction subsystem, which functions as follows: The speech is captured by a microphone array,
which tracks the position of the user as s/he moves. Next, the preprocessed speech
signal is fed to the speech and speaker recognition components that identify the
command and the speaker, respectively. The dialogue manager generates feedback to
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Fig. 1. The LOGOS system.

the user, according to the interpretation of commands received from the speech
understanding component, the device status and other information. This feedback is
delivered via the text-to-speech component, which is fed by the natural language
generation component. All components of the spoken dialogue system are deployed
on a personal computer, and the communication with the intelligent appliances is
performed through a set-top box, which provides the interface to the intelligent
appliances.
The smart-home system is designed with open architecture, which allows new
components to be added for extending the system’s functionality. One such addition
could be an emotion recognition component (in Fig. 1 it is shown with dashed-line
box), which could contribute to significant improvement of the user-friendliness of
the system, as well as of its overall performance. By utilizing the feedback from this
component, which ideally would capture the emotional state of the users, the system
will be able to select an emotion-specific acoustic model, for improving the speech
recognition performance, or to steer the dialogue flow accordingly.

3 Experiments and results
For examining the operational performance of the smart-home dialogue system under
the effect of the emotional state of the user the open source Sphinx III [11] speech
recognition engine was employed. A general purpose acoustic model trained over the
Wall Street Journal database [12] was utilized. Speech data, consisting of recordings
of 16 kHz and resolution of 16-bit, were frame blocked from a sliding window of 512
samples and further parameterized. For the parameterization, the 13 first cepstral
coefficients were computed from 40 Mel filters covering the frequency range [130,
6800] Hz, as well as their first and second derivative coefficients. The acoustic model
consists of 3-state left-to-right HMM phone models, with each state modeled by a
mixture of 8 continuous Gaussian distributions. The number of tied states was set to
4000. No automatic gain control or variance normalization was applied.

In order to capture the variation of the recognition performance across the
numerous emotional speaking styles, we used, as test data, the Emotional Prosody
Speech and Transcripts database [13]. It consists of recordings of professional actors
reading series of semantically neutral utterances (dates and numbers) spanning
fourteen distinct emotional categories. The full set of emotional categories are
anxiety, boredom, cold anger, contempt, despair, disgust, elation, happy, hot anger,
interest, panic, pride, sadness, shame, and neutral. The recordings were downsampled to 16 kHz, 16-bit, single-channel format, following the specifications of the
acoustic model. Finally, each speech file of the database was segmented to smaller
ones, resulting one single emotional state per file. The segmentation was
accomplished according to the annotation files provided with the database.
During recognition process a unigram language model, consisting of the list of
words that appear in the Emotional Prosody Speech and Transcripts database, was
constructed. Each single-emotion speech file was pre-processed and parameterized
identically to the acoustic model training data. The decoder’s language weight was set
to 9.5. The rest of the decoder’s parameters held their default values. We used
uniform setup for all the emotional classes.
The speech recognition results for the fourteenth emotional classes as well as for
neutral (conversational speaking style) are shown in Table 1. The first column
provides the number of words that existed in the test set for each emotion. The second
column shows the number of words that were not recognized, including word
substitutions, insertions and deletions. The last column provides the speech
recognition performance in terms of percentage of word error rate (WER).
Table 1. Speech recognition results for different emotional categories.
Emotion
Neutral
Shame
Interest
Boredom
Pride
Sadness
Despair
Anxiety
Cold Anger
Happy
Disgust
Contempt
Panic
Elation
Hot Anger

# Words
1787
736
818
853
722
766
875
884
746
830
850
796
673
747
347

# Errors
111
69
86
95
91
102
136
141
129
170
176
188
237
271
153

WER (%)
6.21
9.38
10.51
11.14
12.60
13.32
15.54
15.95
17.29
20.48
20.71
23.62
35.22
36.28
44.09

As Table 1 presents, emotional speaking affects significantly the speech
recognition performance. Neutral speaking style presents the highest performance,
which was expected since the utilized acoustic model was trained purely with neutral
speech. In fact, the ASR performance depends on a number of speech characteristics,
such as: voice quality, speaking rate, manner of articulation, intensity, pitch range,
and these differ among emotional and neutral speech. Emotional states, such as
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Fig. 2. Emotion categories used, mapped in the activation-evaluation space.

happiness, panic and hot anger, are characterized by: high speaking rate, breathy
voice quality, tense articulation, high intensity and wide pitch range [14]. In addition,
physiological changes affect the air flow propagation and impose using non-linear
speech features to model the corresponding emotional speech [15]. Thus, it is logical
such emotion categories to present significantly higher WER than the one reported for
the neutral utterances.
On the other hand, emotion categories, such as sadness and shame, present lower
increase of the WER. Previous studies conducted on emotion recognition from speech
had shown that these emotions differ less from neutral speech, since they present low
speaking rate, regular voice quality and slurring articulation [14]. As observed in Fig.
2 the WER results conform to the position of the aforementioned emotion categories
in the activation-evaluation space [16]. As more active the emotional speech is, either
positive or negative, so the WER increases.

4 Conclusions
In this paper we studied the performance of a speech recognizer for emotional speech.
The experimental results show significant variation in the WER reported across
different emotion categories. The results suggest the potential gain of ASR
performance which can be achieved when reliable emotion recognition component is
incorporated into the dialogue system. We deem that emotion-specific or emotionadapted acoustic models for the ASR would improve the recognition performance of
the verbal content of emotional speech [9, 10], thus enhance human-computer
interaction.
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