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Abstract The use of speech for robots to communicate
with their human users has been facilitated by improvements
in speech synthesis technology. Now that the intelligibility of
synthetic speech has advanced to the point that speech synthesizers are a widely accepted and used technology, what
are other aspects of speech synthesis that can be used to
improve the quality of human-robot interaction? The communication of emotions through changes in vocal prosody
is one way to make synthesized speech sound more natural.
This article reviews the use of vocal prosody to convey emotions between humans, the use of vocal prosody by agents and
avatars to convey emotions to their human users, and previous
work within the human–robot interaction (HRI) community
addressing the use of vocal prosody in robot speech. The
goals of this article are (1) to highlight the ability and importance of using vocal prosody to convey emotions within robot
speech and (2) to identify experimental design issues when
using emotional robot speech in user studies.
Keywords Synthesized speech · Emotional robot speech ·
Human–robot interaction · Vocal prosody
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1 Introduction
Robot systems are increasingly being studied for use in social
situations. Roles such as companions, tutors, and caregivers
are being investigated as possible uses of robots. To reduce
training needs for robot users and the robots themselves,
interactions between robots and their users should be as natural as possible [17]. Given that speech is the one of the
most natural ways for humans to communicate, communication between humans and robots using voice is an area that is
receiving considerable attention [19,34,41,54,61,65,67,72].
In situations where humans and multiple robots are working
together, even communication between robots would ideally
be via voice as opposed to some form of electronic networking so that the humans can understand what is being
communicated between the robots [61].
One of the areas of robot speech, and synthesized speech
in general, that can be improved to make the generated
speech more natural sounding is the use of vocal prosody.
Vocal prosody is the way something is said (pitch, timing,
loudness, etc.) as opposed to the actual linguistic meanings
of the spoken words [35]. In human communication, vocal
prosody is considered one of the paralinguistic components
of speech [57]. Paralinguistic in this context refers to the
features of communication that appear along side (para is a
prefix from Greek meaning “side by side”) the actual words
being communicated. Other paralinguistic components of
speech include voice quality, non-word utterances, pronunciation, and enunciation [57].
Vocal prosody is an essential component of speech communication between humans [81]. It has long been recognized a speaker’s vocal prosody is one of the ways the
emotional state of the speaker is communicated to listeners
[29,36,75]. The emotions or mood being conveyed by speech
can be crucial to interpreting the meaning of a speaker’s mes-
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sage. For example, a tone of sarcasm can be used to signal a
listener that a spoken statement should be interpreted as the
opposite of the literal meaning of the words being said [94].
In addition to short term states such as emotions or moods,
vocal prosody can also be used by a listener to infer traits of
the speaker such as gender and personality [57,81].
Section 2 presents two types of emotion models used to
describe emotions and the communication of emotions via
vocal prosody from person to person. Different methods of
speech synthesis, different standards used to specify vocal
prosody parameters to speech synthesizers, and the importance of the use of vocal prosody by devices other than robots
are reviewed in Sect. 3. Section 4 summarizes human–robot
interaction research on the use of vocal prosody in robot
speech. Issues to avoid in human–robot interaction research
on the communication of emotions through vocal prosody
are described in Sect. 5.

2 Expression of Emotions Using Vocal Prosody
An important aspect of using vocal prosody in synthetic
speech is to understand and summarize the features that people use to communicate emotional intent to listeners. This
section starts with a review of two models that describe
emotions: basic emotion models and dimensional emotion
models. The section concludes with a description of the vocal
prosody attributes that correspond with the communication
of emotions through speech.
2.1 Emotion Models
Typically emotions are described using basic emotions models or dimensional emotion models. A basic emotions model
(sometimes referred to as distinct or discrete emotions model
[5,76]) ascribes each emotion “its own specific physiological, expressive, and behavioral reaction patterns” [76].
Ekman’s Big 6 basic emotions (happiness, surprise, sadness, anger, disgust, and fear [27,62]) are an example of
a basic emotions model. An advantage of the basic emotions
model is its universality. There is evidence that emotions
are recognized pan-culturally [27,62]. Most people typically
use a small set of labels (anger, fear, sad, happy, etc.) when
describing their emotions [9,76]. One drawback of the basic
emotions model is its complexity when describing how each
emotion is expressed. Each basic emotion is characterized
by its own unique neuromotor expression program [74] that
produces the changes in facial expressions and vocal prosody
that others use to recognize the speaker’s emotional state.
Another set of models for the explanation of emotions
are dimensional emotion models. In dimensional models,
emotions are characterized by their locations on one or
more continuous abstract scales [76]. Typically two (such
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as valence and activation [73]) or three (such as pleasure,
arousal, and dominance [49]) dimensions are required to
adequately differentiate the many possible emotions [76].
Dimensional models of emotion have several attractive
features. The differing intensities of an emotion can be represented as different values along the dimensions. For example,
extreme sadness can be differentiated from mild sadness by
moving along the valence dimension. Another advantage of
dimensional models is that the representation of two emotions expressed simultaneously (such as surprise and fear)
can be accommodated by showing the expressed emotional
state as a point in space between the accepted coordinates of
the two emotions. The main disadvantage of the dimensional
emotion models is their lack of use by the general public. It
is rare for someone to describe or identify their current emotional state as low valence and high activation. Most people
describe their emotional state using a basic emotion label
such as angry [9,76].
In spite of the differences between the basic emotions
models and the dimensional models of emotion, the models
do share some similarities. Bachorowski and Owren point
out that both models expect that the emotional state of a
speaker will be “encoded in vocal acoustics” that allow listeners to interpret the speaker’s emotions [5]. Emotions will
be described in the remainder of this article using the basic
emotions model for the following reasons. First, participants
in human–robot interaction studies can be expected to know
a set of basic emotions from their common experience. Using
a dimensional emotions model when asking participants to
describe an emotion would require training the participant
on the meanings of the dimensions and giving examples
of how common emotions (anger, happiness, etc.) can be
expressed with the dimensional emotional model. Second,
Laukka has found that vocal expressions of emotions are categorically perceived and there are crisp boundaries between
participants’ perception of different emotions in speech [42].
Laukka’s findings “suggest that a discrete-emotions approach
provides the best account of vocal expression” [42].
2.2 Vocal Prosody Use Between Humans
The features of speech that are used by humans to convey
emotion must be identified and quantified before speech
synthesizers can use vocal prosody to convey emotions.
Early research consisted of listeners detecting and classifying the features of speech that accompanied emotional speech
[29,36,75]. More recent research has applied statistical and
machine learning techniques such as Linear Discriminant
Analysis, Support Vector Machines, and AdaBoosted Decision Trees to determine which features can be used to classify
emotional speech [43,47,48,56]. Pitch, timing, and loudness
are the features of speech that are typically found to correlate
with the expression of emotion through vocal prosody. Pitch,
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Fig. 1 Sinusoid waveform
from the recording of the first
0.015 s of the word “Hello”

Fig. 2 Pitch contour of the
statement “He is at the game”

timing, and loudness are sometimes referred to as The Big
Three of vocal prosody [90].
Pitch corresponds to the frequency at which the vocal folds
vibrate when a person is speaking [30]. The sound of the
human voice is not a simple signal consisting of one sinusoid
however. The shape of the speaker’s vocal tract reinforces
some frequencies and dampens other frequencies. The result
is a complex sinusoid as shown in Fig. 1. Note that Fig. 1
shows only the first 0.015 seconds of the complex sinusoid
from a recording of the word “Hello”. Typically the wave

form is shown for an entire word or statement (as in the top
half of Fig. 2) and the wave is too compressed to see the
complexity and periodicity of the wave. The most prominent
frequency is referred to as the fundamental frequency or F0.
The other frequencies that are emphasized by the vocal tract
are called formants [30]. A higher than normal fundamental
frequency can indicate happiness and lower than normal F0
can indicate that the speaker is sad [36].
Not only is the fundamental frequency of a speech segment
important, both the range of frequencies and the change in
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Fig. 3 Pitch contour of the
question “He is at the game?”

fundamental frequency during a speech segment can affect
a listener’s assessment of the speaker. The pitch range is
the difference between the highest frequency and the lowest
frequency during an utterance. A small pitch range usually
indicates sadness while an expansive pitch range indicates
happiness or perhaps anger [77]. The change in F0 during
a speech segment is referred to as the pitch contour. The
pitch contour can be critical to the meaning of an utterance.
American English speakers can change a statement such as
“He is at the game” to a question by raising the pitch of
their voice at the end of the speech segment [94]. In Figs. 2
and 3 the wave form of the recorded speech is shown in the
top half of the figure and the pitch contour is shown in the
bottom half of the figure. For a declarative statement such as
“He is at the game”, the speaker’s pitch usually falls at the
end of the statement as shown in Fig. 2. A question (“He is
at the game?”) is often accompanied by a rise in the pitch
contour as shown in Fig. 3.
Timing is concerned both with how fast a person is speaking and the pauses within a statement. The speed of someone
speaking is typically measured in words per second while
the pauses can be measured in seconds. Rapid speech can
indicate the speaker is happy or angry. A slow rate of speech
typically indicates the speaker is sad [36].
Loudness is a measure of the volume at which a person
is speaking. Loudness is also referred to as intensity in some
literature [20,30,43]. Loudness is typically measured in decibels (dB), a logarithmic unit of measure that gives the ratio
between two values. A soft voice (described with a low value
for loudness) can indicate boredom while a loud voice indicates emotions such as happiness or anger [75].
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Table 1 Emotions and associated vocal prosody characteristics [32,83,
85]
Emotion

Pitch

Pitch range

Timing

Loudness

Happiness

High

Large

Moderate

High

Surprise

High

Large

Slow

Moderate

Sadness

Low

Small

Slow

Low

Anger

High

Large

Fast

High

Disgust

Low

Small

Moderate

Low

Fear

High

Small

Fast

High

As is evident from the previous descriptions of pitch, timing, and loudness, the expression of a single emotion can
affect one or more of the measures simultaneously. Table 1
gives a summary of the changes in vocal prosody that have
been found to accompany the expression of Ekman’s Big 6
basic emotions: happiness, surprise, sadness, anger, disgust,
and fear [27,62]. Experiments have shown that people can
recognize the emotion being communicated by another person’s vocal prosody at a level much higher than chance [59,
77]. Scherer et al. surveyed twenty-seven previous studies of
emotion recognition and reported that participants were able
to identify the emotion that was meant to be conveyed approximately 60 % of the time [77]. The percent correct expected
from guessing varied between 10 and 25 % based on the number of emotions used in each of the individual experiments.
Criticism of these experiments point out that the listeners are
distinguishing between a set of listed emotions and not identifying the intended emotions with the listener’s own choice
of words [31]. Another criticism is the use of actors to provide
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speech samples instead of using recordings of natural speech
from common interactions [43]. It is less clear that a high rate
of identification is possible from the spontaneous speech of
non-actors recorded in more life-like situations [22]. Cowie
points out that even among sound recordings chosen from
TV interviews and talk shows based on their appearance of
emotional content, only 34 percent of the clips were labeled
by listeners as containing strong emotions [22].

3 Vocal Prosody in Speech From Devices
to Humans
This section reviews the use of vocal prosody in speech
produced by devices other than robots. First, the most popular methods of speech synthesis are explained. Second, text
markup standards for specifying vocal prosody parameters
are reviewed. Finally, results from two studies that demonstrate the importance of vocal prosody use in synthesized
speech are presented.
3.1 Methods of Speech Synthesis
The generation of affective speech using the manipulation of
vocal prosody features has been a subject of speech synthesis research for over twenty years [21,28,37,52,58,80]. Early
work was hindered by the lack of capabilities of then stateof-the-art speech synthesizers to allow changes to features
such as pitch range and pitch contour of the generated speech
[21]. Many of the early speech synthesizers were concatenative speech synthesizers. Concatenative speech synthesizers
analyze the text to be spoken for phonemes. Phonemes are the
smallest distinct units of sound in a language. The concatenative speech synthesizer selects the corresponding sounds
for each phoneme in a statement from a sound database. The
selected sounds are concatenated together to generate the
sound of speech. This process made it difficult to manipulate
the pitch and speed of the sounds that comprised the synthesized speech and still maintain the intelligibility of the
resulting speech. An effective but data intensive approach
has been to create a database of phonemes spoken by a user
while expressing each emotion.
As speech synthesizers have become more advanced,
the ability to convey emotion within generated speech has
improved. Hidden Markov Models (HMM) of phonemes are
the basis of several speech synthesizers [87]. A series of
the HMM representations of phonemes are used to generate
speech. The models are easily manipulated by the speech synthesizer to alter vocal prosody parameters such as pitch and
speech rate. A drawback of HMM-based speech synthesizers is a decrease in the quality of the generated speech when
compared to the speech produced by concatenative speech
synthesizers [87]. Zen et al. attributed the reduced quality
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of speech generated by HMM-based speech synthesizers
to three factors: vocoding (analysis/synthesis algorithms),
accuracy of acoustic models, and over-smoothing (detailed
speech characteristics are not reproduced by the synthesizer)
[33,96].
The difference in the size of a concatenative voice model
versus a HMM voice model is significant. The difference
in data size can be seen by examining the voice models
based on the recordings provided by the Language Technologies Institute at Carnegie Mellon University [15]. One
of the available databases of voice recordings is named slt.
The slt recordings consist of 1132 phrases spoken by a
US English speaking female. The concatenative voice model
produced from the slt data is 132 megabytes of data and
the HMM-based voice model is only 1.6 megabytes of data.
The slt recordings were made by the speaker expressing
a calm or neutral emotion. The speaker would have to say
the 1132 phrases in each of the desired emotions to create a
concatenative voice model capable of expressing emotions
through vocal prosody. The resulting concatenative voice
model would be much larger in size than the model that
can only express the one emotion. The HMM-based voice
models do not suffer from this same increase in size for each
desired emotion. As long as the changes in vocal prosody
can be expressed in changes to the fundamental values of
pitch, timing, and volume required by the HMM-based voice
model to produce speech, the one HMM-based voice model
can express any of the basic emotions.
Following the success of deep learning in areas such as
image and speech recognition, deep learning has been utilized in speech synthesis. Deep joint models such as deep
belief networks (DBN) and deep conditional models such as
deep neural networks (DNN) have been used instead of HMM
to generate the acoustic models used to synthesize speech
[97]. Subjective listening tests have shown that the speech
produced by deep learning-based speech synthesizers is more
natural sounding than the speech produced by HMM-based
speech synthesizers [96]. The improvement in speech quality
has been attributed to the ability of deep learning models to
“better ... describe the complex and nonlinear relationships
between the inputs and targets” in a speech synthesizer [97].
While impressive demonstrations1 of deep learning-based
speech synthesis research are available, the authors are not
aware of any currently available commercial or open-source
speech synthesizers that utilize deep learning.
The previous speech synthesis methods (concatenative,
HMM-based, deep learning-based) can be adapted to directly
generate emotional speech in addition to neutral sounding speech. For concatenative synthesizers, the database
of phonemes is expanded to include the sound of each
phoneme when expressed with each of the targeted emo1

http://www.zhizheng.org/demo/dnn_tts/demo.html.
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tions. For HMM and deep learning-based synthesizers, the
vocal prosody parameters (pitch, timing, and loudness) can
be specified in the synthesizer’s input to affect the sound
of the generated speech. Another method that can create
synthesized speech with varying vocal prosody is voice conversion. Voice conversion is used after speech synthesis to
convert neutral sounding speech to emotional speech [85].
In voice conversion, models of vocal prosody parameters
learned from examples of emotional speech are used to modify the synthesized neutral sounding speech. An anticipated
advantage of voice conversion over the previously described
synthesis techniques is that more subtle differences in the
vocal prosody of emotional speech such as voice quality can
be included in the conversion process [1]. In practice, voice
conversion is not always able to produce synthesized speech
that is both natural sounding and contains recognizable emotional intent [88].
3.2 Specification of Vocal Prosody
One of the major difficulties to overcome in the Text-toSpeech (TTS) field related to the use of vocal prosody to
convey emotions is natural language understanding. Recognition of the intended emotion from just the content of text
can be a difficult problem. Early efforts for the prediction of
an appropriate emotion from text focused on the identification of keywords or the use of hand-written rules to analyze
text [46]. Given the increase in computing power and the
decrease in the cost of digital storage, recent research has
employed machine learning techniques on large text corpora
to generate models for the prediction of the intended emotional content of text [2,46,84].
Once the text to be spoken has been analyzed for emotional
content, the text must be marked up with enough prosody
information that the speech synthesizer can manipulate the
generated speech to convey the intended emotions. There
have been several efforts to create standardized markup languages that can be used to annotate text with information
about how the speech synthesizer should “say” the text in
order to produce more natural sounding speech.
Tone and break indices (ToBI) was an early standard used
to mark up text with vocal prosody attributes [82]. ToBI transcriptions consist of the text being spoken along with markup
in specific tiers that convey prosodic information. The most
commonly used tiers are the tone tier and the break-index
tier. Fig. 4 shows an example of the text of a question along
with the tone and break-index tiers [12].
The tone tier contains information about the tone contour of the speech using symbols for low (L) and high (H)
tones or frequencies. The * symbol along with a tone symbol (H or L) indicates that a syllable receives more stress
than the surrounding parts of the word or phrase. The first
L* in Fig. 4 shows that the first syllable in marmalade was
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Will you have marmalade, or jam?
L*
HL* H-H%
1
1
1
3
1
4

Fig. 4 Example of ToBI markup

said with emphasis in a low tone. The - symbol along with
a tone symbol marks the tone target of a phrase as opposed
to a single accented syllable. The H- in Fig. 4 shows that
the phrase will you have marmalade ends at a higher pitch
than the previous accented syllable at the beginning of the
word marmalade. The % symbol along with a tone symbol
marks the tone target at the end of a phrase where a pause
in speech occurs. The L % or H % at the end of a phrase
are often combined with a L- or H- symbol. The first half of
the symbol (L- or H-) represents the tone target of the phrase
and the last half of the symbol represents the tone target of
the very end of the phrase. For example, the H–H % shown
in Fig. 4 indicates that the phrase or jam has a high phrase
accent and a high tone at the ending boundary.
The numbers in the break-index tier are a scale from 0 to 4
that represent the different types of pauses within the spoken
text. The typical pause between spoken words is represented
by a 1 and the pause between distinct segments of speech is
represented by 4. The 3 shown in Fig. 4 corresponds to the
pause that the comma represents in the question. Note that
phrase accents (L- or H-) typically occur at breaks labeled
with a 3. The breaks between phrases (labeled with a 4) often
have the tone markup representing the phrase accent and the
tone at the ending boundary such as H–H % or L–H %.
Praat is software that can display the waveform and pitch
contour of a speech segment so that the annotator can see
both the pauses in speech and movement of F0 within the
pitch contour [16]. Praat also has tools for labeling the tone
and break-index tiers of a speech segment. Figures 5 and 6
are two examples of speech segments and the corresponding
ToBI markup displayed by Praat [89].
High quality speech synthesis is an important part of making the world wide web accessible to people with impaired
vision. The World Wide Web Consortium recommends the
use of a text markup system for speech synthesizers that
includes elements intended to affect the vocal prosody of
synthesized speech. The Speech Synthesis Markup Language
(SSML) [6,91,93] is a standard that contains elements that
direct the TTS system to produce speech that will be interpreted by listeners as being from a person of a specific gender,
age, etc. Fig. 7 shows the text “Are we there yet?” marked
up using SSML so that the synthesized speech should sound
like it was spoken by a young boy. Note that the speech synthesizer system is responsible for the choosing how the vocal
prosody of the generated speech should be changed to meet
the directives contained in the SSML markup.
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Fig. 5 Screen capture of Praat
Showing ToBI Markup of a
Statement

Fig. 6 Screen Capture of Praat
showing ToBI markup of a
question

<?xml version="1.0"?>
<speak version="1.1"
xmlns="http://www.w3.org/2001/10/synthesis"
xmlns:xsi="http://www.w3.org/2001/XMLSchema-instance"
xsi:schemaLocation="http://www.w3.org/2001/10/synthesis
http://www.w3.org/TR/speech-synthesis11/synthesis.xsd"
xml:lang="en-US">
<voice gender="male" languages="en-US" age="7">
Are we there yet?
</voice>
</speak>

Fig. 7 Specifying vocal prosody using SSML
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<?xml version="1.0"?>
<speak version="1.1" xmlns="http://www.w3.org/2001/10/synthesis"
xmlns:xsi="http://www.w3.org/2001/XMLSchema-instance"
xsi:schemaLocation="http://www.w3.org/2001/10/synthesis
http://www.w3.org/TR/speech-synthesis11/synthesis.xsd"
xml:lang="en-US">
<voice gender="male" languages="en-US" age="7">
<prosody rate="fast" contour="(0%,+10Hz) (30%,+20Hz) (60%,+10Hz)">
Are we there yet?
</prosody>
</voice>
</speak>

Fig. 8 Pitch contour specified using SSML

<sentence id="sentence1">
What was that sound?
</sentence>
<emotion xmlns="http://www.w3.org/2009/10/emotionml"
category-set="http://www.w3.org/TR/emotion-voc/xml#big6">
<category name="afraid" value="0.6"/>
<reference role="expressedBy" uri="#sentence1"/>
</emotion>

Fig. 9 Sample of EmotionML

If more control over the voice output is desired, SSML
also includes a prosody element that can specify options
such as pitch, pitch contour, range, and speech rate. Figure 8
illustrates the SSML markup that specifies that a question
should be asked at a greater than normal speed with a specific
pitch contour.
EmotionML is another markup language proposed by the
World Wide Web Consortium to direct the expression of emotion [7]. Whereas SSML is meant to guide the output of
speech synthesizers, EmotionML is also meant as the input
to on-screen avatars, robots, and other electronic devices
[79]. In the cases of on-screen avatars and robots, the emotions specified by EmotionML may be expressed by facial
expressions or body language in addition to changes in vocal
prosody. EmotionML allows for emotions to be specified
using names from lists of emotions such as Ekman’s Big 6
basic emotions or using values for dimension-based definitions of emotions such as Mehrabian’s Pleasure, Arousal,
and Dominance model [4,27,49]. Note that the device that
is using EmotionML for its input is responsible for translating the emotion names or dimension values into actual
changes in vocal prosody, facial expressions, or body language to express the emotion. This is similar to how the
W3C’s earlier SSML standard was used when specifying the
speaker’s age and gender. If a speech synthesizer implements
EmotionML, the synthesizer’s user is no longer required
to manually translate the desired emotion into changes to
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the SSML’s prosody element for pitch, pitch contour, and
speech rate. Figure 9 is an example of EmotionML markup.
The question What was that sound? should be produced by
the device in a manner meant to communicate fear. The value
attribute of a named emotion is a floating point number in the
closed interval [0.0, 1.0] that describes the “strength” of the
emotion. The value 0.0 represents no emotion and 1.0 represents “pure uncontrolled emotion” [7].
Since there is not just one standard for marking up text
with vocal prosody information, speech synthesizers often
support input expressed in more than one of the standards. For
example, the Mary speech synthesizer will accept GToBI (a
ToBI variant for German language), SSML, and EmotionML
markup elements as its input [78].
3.3 Importance of Vocal Prosody in Synthesized Speech
The importance of appropriate vocal prosody in synthesized
speech has been shown in several experiments. Nass et al.
[53] showed that an automobile driver’s performance was
influenced by the emotions conveyed by a virtual passenger’s
speech. When the emotion conveyed by the virtual passenger’s speech matched the emotion of the driver, the driver
paid more attention to the road and the driver was involved
in fewer accidents. D’Mello and Graesser have integrated
speech feedback that contains varying vocal prosody into
their Affective AutoTutor, a new version of their intelligent
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tutoring system AutoTutor [26]. The Affective AutoTutor
system detects a student’s emotion using multimodal techniques that include dialog cues, the student’s posture, and
the student’s facial movements as inputs. The tutoring system
then constructs its feedback in order to give encouragement to
students that are displaying positive emotions and to reduce
the continuation of negative emotions in struggling students.
The system communicates affect via the facial expressions of
the tutor avatar, the linguistic content of the tutor’s speech,
and the vocal prosody of the synthesized voice. Students,
especially students with low domain knowledge, showed
more learning gains when using the Affective AutoTutor system as opposed to the older AutoTutor system that did not
attempt to communicate affect [26].

4 Vocal Prosody in Speech From Robots
to Humans
While the concept of robots conveying emotion through their
speech might seem nonsensical given that robots do not actually feel emotions, there are several benefits from the use of
vocal prosody within robot speech. First, previous research
has shown that people prefer to communicate with robots via
voice and they prefer that the voice be human-like [25,39,64].
Second, taking advantage of the ability of humans to perceive
emotions in speech may increase the effectiveness of robot
speech communication. For example, a robot team member in an urban search and rescue situation could use its
vocal prosody to convey the seriousness of a warning by
sounding excited when speaking or use a calming voice to
reduce the anxiety levels of a survivor once located. The use
of vocal prosody to communicate emotion would be most
applicable to social and anthropomorphic robots, but even
non-anthropomorphic robots that utilize synthesized speech
could use vocal prosody when communicating with human
users.
There has been support for robots expressing emotion
and intention in order for the robots to be perceived as
“believable characters” by humans [10,18]. Researchers have
designed systems to calculate and express the emotional state
of the robot in response to its environment and interactions
[17,63,86]. For example, the Kismet robot would lower its
head and/or frown when receiving negative feedback from
a study participant [17]. One of the main roadblocks to the
credible use of vocal prosody in text-to-speech applications
has been the difficulty of determining the correct emotions
to express from the content of the text. This is a case where a
robot system that has computed an appropriate emotion has
an advantage. The robot has already determined its emotional
state and can then use its vocal prosody to express that state.
Much of the work in the HRI field concerning vocal
prosody use by robots has concentrated on conveying emo-
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tions by varying the vocal prosody of simple non-linguistic
utterances. Read and Belpaeme [66] found that people interpret human-like utterances made by robots as expressing
emotions. Oudeyer [56] created algorithms that could modify child-like “babble” to convey emotions. Human listeners
of several nationalities were able to successfully determine
the communication intent of the utterances produced by
Oudeyer’s system. The study of non-linguistic utterances has
been justified by pointing out that generating the non-linguistic sounds is computationally inexpensive [56] and the
utterances should be understandable across cultures and languages [65].
Motion picture characters such as R2-D2 and WALL-E
use non-linguistic utterances. The popularity of these characters inspired the use of non-linguistic utterances in HRI
studies [14,65]. It is seemingly accepted that the emotional
intent of the characters’ utterances are interpreted correctly
by other characters in the movie and by audience members.
The interpretation of the communication by other characters
is a non-issue, the other characters’ reactions are scripted
and do not require interpreting the sounds. The interpretation of the communicative intent by the audience is aided by
the reaction of the other characters and the other non-verbal
cues such as body language and facial expressions. It would
be interesting to see how much of the intent is communicated by the utterances and how much is inferred from other
cues.
Read has shown that children do assign emotional meanings to the non-linguistic utterances of a robot [65]. The
children do not always agree on which emotion is expressed
by each sound. In a more recent experiment, Read and Belpaeme have shown that adults also categorize non-linguistic
utterances with relation to affective content, especially when
two utterances are compared [68]. In both of the mentioned
experiments the participants did not differentiate between
subtle changes in the level of emotion being communicated,
the utterances were categorized without any acknowledgment to the degree of the emotion. Read and Belpaeme’s most
recent work shows that the interpretation of non-linguistic
utterances is heavily influenced by what action a robot experiences [70]. For example, a sound that was previously rated
as communicating a positive valence by participants was
rated as communicating a negative valence if the sound was
produced by the robot in response to the robot receiving a
slap [70].
Even with these successful demonstrations of the limited
interpretation of non-linguistic utterances by study participants, Read states that the use of non-linguistic utterances
have “obvious shortcomings in comparison to natural spoken language” [65]. The amount of information that can be
communicated by the non-linguistic utterances is obviously
limited. In the Star Wars movies, on-screen characters may
understand the exact meaning of R2-D2’s chirps but the audi-
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ence is limited to hearing the on-screen characters repeat the
message in words before knowing the meaning. Communicating a detailed message such as “the network is down but is
expected to be online in 15 min” via chirps and buzzes would
be difficult using only non-linguistic utterances. If humans
and robots are expected to work together to share information
and accomplish tasks, both the humans and robots will need
to use a communication medium that is able to express sometimes complicated messages. Read and Belpaeme advocate
for the use of non-linguistic utterances in addition to natural
language as opposed to non-linguistic utterances replacing
the use of natural language by robots [69].
As expressive speech synthesizers became more readily
available, several proposals for the use of emotional natural
language speech by robot systems were made [71,95]. There
has been little research into how manipulating a robot’s voice
would affect its users however. One study has shown that a
robot learner that expresses emotion through its statements
and voice causes people to provide the robot with more and
better training data [44]. Leyzberg et al. asked participants to
train a small robot in some simple dances. The robot would
receive a score supposedly based on how well the robot
performed a dance. When the robot responded to its score
with appropriate emotional statements expressed through
recorded speech, the participants provided more examples
of the dance moves to the robot. If the robot made apathetic
statements or inappropriate responses (excited by low scores
or upset by high scores), the human trainer provided significantly fewer dance examples for the robot. Tielman et al.
found that children showed more emotions when interacting
with a robot that showed emotions through its body language
and voice than a robot that did not display emotions [86]. Note
that the referenced studies are not attempting to convince the
study participants that the robots actually have emotions, the
studies are investigating how the use of emotional speech by
a robot changes the actions of people who are interacting
with the robots.
Recent research has shown that people’s impressions of
a robot can be influenced by the pitch of the robot’s voice
[54]. Niculescu et al. manipulated the average fundamental frequency of a robot receptionist’s voice to determine if
participants would find the robot with the higher voice more
attractive and more outgoing than the same robot with a lower
voice [54]. The same robot was used for both high and low
pitched voice conditions and it was dressed as a female in both
conditions. Not only did the participants rate the robot with
the higher voice as having a more attractive voice, being more
aesthetically appealing, and more outgoing, the participants
responded that the robot with the higher voice exhibited better social skills. These results were expected given that both
men and women find women with higher voices more attractive and ascribe more positive personality traits to women
with higher voices [54].
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5 Discussion
This section contains a discussion of issues that researchers
should consider when designing studies concerning the use
of vocal prosody by robots to communicate emotions. The
issues were identified during the review of previous human–
robot interaction studies (see Sect. 4) and during the authors’
design of a study to verify that study participants would correctly recognize the emotional intent of robot speech [23,24].
While the recommendations concerning the issues discussed
below are most applicable to social and anthropomorphic
robots, the recommendations should also be applicable to
non-anthropomorphic robots that utilize synthesized speech
to communicate with human users.
5.1 Embodiment Effects of Robots
A common trend in research concerning vocal prosody and
robots is the use of pictures or on-screen avatars instead of
actual physical robots [51,66]. Some of the research was conducted without the mention of robots to participants while
the results were used to make recommendations about robot
voices [34]. The use of avatars instead of physical robots
is understandable. On-screen avatars are less expensive and
easier to program than actual robots. However, it is not universally accepted that people react to images on a screen and
collocated physical robots in the same way. Research has
found that participants react to an image represnting a robot
differently than collocated physical robots [38,40,60]. For
example, Kidd and Breazeal state that a collocated “robot
was more engaging and rated more highly on the scales of
perceptions than the animated character” [40].
What is less clear is the comparison of collocated robots
and remote robots that are seen and heard via video recordings or video conferencing. Early research reported that
participants did not react differently to collocated and remote
robots [38,40,60]. Kidd and Breazeal reported “it is not the
presence of the robot that makes a difference, rather it is
the fact that the robot is a real, physical thing, as opposed
to the fictional animated character in the screen” [40]. In
contrast, Bainbridge et al. [8] found that study participants
obeyed unusual requests (placing new books in a trashcan)
made by a collocated robot more often than unusual requests
made by the same robot displayed on a monitor. The participants also respected the personal space of a collocated
robot more than that of a robot presented on a monitor [8].
One explanation for the differences observed between these
studies might be the difficulty of task being performed by
study participants. The earlier experiments involved relatively simple tasks such as placing blocks on top of each
other or interacting with a robotic dog [38,40]. In the Bainbridge et al. experiment, the participants received instructions
from the robot concerning moving books from one location
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Determiner + Noun + Verb (intransitive) + Preposition + Determiner + Adjective + Noun
Determiner + Adjective + Noun + Verb (transitive) + Determiner + Noun
Verb (transitive) + Determiner + Noun + Conjunction + Determiner + Noun
Question Adverb + Verb (auxiliary) + Determiner + Noun + Verb (transitive) + Determiner + Noun
Determiner + Noun + Verb (transitive) + Determiner + Noun + Relative Pronoun + Verb (intransitive)

Fig. 10 Sentence structures for semantically unpredictable sentences [13]

to another location within a small office [8]. Wainer et al.
[92] found that participants preferred a collocated robot over
remote robots and over a robot avatar when the robot was
acting as a coach while the participant solved a Towers of
Hanoi puzzle. Leyzberg et al. found that participants tutored
by a collocated robot became better puzzle solvers than participants who received the equivalent tutoring from a video
representation of the robot [45]. One can imagine that people
prefer a collocated robot when performing complex tasks that
require many interactions with the robot. While the differences in reactions to collocated and remote robots are being
further studied, using collocated robots in experiments would
be a wise choice especially when making recommendations
about long-term human–robot interaction.

words. The property of being semantically unpredictable is
also useful for experiments concerning the communication
of emotion via vocal prosody. If the individual words in a
semantically unpredictable sentence does not imply an emotion, the linguistic content of the sentence should not imply
a particular emotion.
Semantically unpredictable sentences are created by first
choosing short, commonly used words for several parts of
speech: noun, verb, adjective, and determinative. As mentioned above, words such as cry or shrieked should be
excluded because the individual word implies an emotion.
The words are then placed into one of five sentence structures (see Fig. 10). Examples of semantically unpredictable
sentences are:
– The front fact owned the chair.
– Grab the food or the sea.
– The case joined the chance that jumped.

5.2 Avoid Confounding Factors when Portraying
Emotions
Study participants are adept at recognizing emotional intent
through several modalities [3]. If a robot is using an emotional
voice and also expressing its emotional intent through the
literal meaning of its statements, its facial expression, or body
language then the effect of the emotional voice is entangled
with the effects of the other modalities. If a study is intended
to investigate the effects of vocal prosody to communicate
emotions, the effects of the other modalities to communicate
emotion must be controlled. For example, the robot’s facial
expression should be chosen to not communicate a specific
emotion.
Avoiding the communication of emotions through the linguistic meaning of a robot’s speech can be difficult especially
when a robot is communicating via natural language. One
solution is to use sets of Semantically Unpredictable Sentences (SUS) [13] as the text to be spoken by the robot during
an experiment. The SUS Test was proposed Benoit et al. as a
way to measure the intelligibility of text-to-speech systems
[13]. Sets of semantically unpredictable sentences are useful
in an intelligibility test because the listener can not predict
the words appearing in a sentence from any of the previous

5.3 Generation and Validation of Emotional Robot
Speech
Researchers can generate emotional speech for a robot by
either using an “emotional” voice model provided with a
speech synthesizer or by using markup such as SSML (see
Sect. 3.2) to specify vocal prosody parameters that will
express the intended emotion. Several commercially available speech synthesizers such as Acapela Group’s Acapela2
and Cereproc’s CereVoice3 contain voices claimed to portray
different emotions. However, the companies do not provide
empirical evidence showing that listeners actually perceive
the emotion meant to be portrayed by the generated speech.
It would be up to a researcher using a provided “emotional”
voice to validate that participants perceive the emotion that
the voice model is intended to convey.
While the correlates of vocal prosody parameters and the
intended emotion are known (see Table 1), using markup such
2

http://www.acapela-group.com/.

3

https://www.cereproc.com/.
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as SSML to vary vocal prosody parameters to express emotions in synthesized speech is problematic. Currently several
commercial speech synthesizers such as such as Microsoft’s
.NET speech synthesizer4 and Nuance Communication’s
Dragon Mobile5 claim to support SSML and its prosody
element. But the documentation for those two speech synthesizers states that prosody attributes such as pitch contour,
pitch range, and duration are ignored when generating speech
[50,55]. If a researcher is not sure if input markup is being
utilized by a speech synthesizer, a software tool such as Praat
[16] can be used to verify that changes in the input markup
are reflected in the generated speech. Praat, used for many
of the earlier figures in this article, can display the pitch contour of a sound file and makes objectively comparing two
different segments of synthesized speech possible.
A potential weakness to avoid in studies of robots using
emotional voices is the failure to validate the emotional
voices. Tielman et al. used arousal and valence parameters
to modify a robot’s speech while the robot was interacting
with children [86]. But the researchers did not check that
the children could correctly interpret the emotional intent of
the robot’s speech. Before claiming that specific emotions
expressed by the robot changed how participants interacted
with the robot, the researcher must validate that the participants are interpreting the robot’s emotional intent correctly.
Beale and Creed made a similar criticism of research on the
use of emotion by agents and on-screen characters [11].

6 Conclusion
In the previous sections, the use of vocal prosody to communicate emotion by humans was examined, the ability of
speech synthesizers to produce varying vocal prosody was
reviewed, and the previous work within the HRI community on the use of vocal prosody to convey emotions in
robot speech was discussed. Most importantly, several issues
that researchers should consider when planning experiments
involving emotional voices by robots and human–robot interaction were identified:
– Embodiment effects of robots
– Avoid confounding factors when portraying emotions
– Generation and validation of emotional robot speech
The use of vocal prosody to convey emotions in robot speech
is another tool that robot designers and programmers can
utilize to increase the quality and naturalness of human–robot
interaction.
4

https://msdn.microsoft.com/.

5

http://dragonmobile.nuancemobiledeveloper.com/.
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