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Abstract

We present a procedural audio-driven speech animation method for interac-
tive virtual characters. Given any audio with its respective speech transcript, we
automatically generate lip-synchronized speech animation that could drive any
three-dimensional virtual character. The realism of the animation is enhanced
by studying the emotional features of the audio signal and its effect on mouth
movements. We also propose a coarticulation model that takes into account var-
ious linguistic rules. The generated animation is configurable by the user by
modifying the control parameters, such as viseme types, intensities, and coartic-
ulation curves. We compare our approach against two lip-synchronized speech
animation generators. Our results show that our method surpasses them in
terms of user preference.
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1 INTRODUCTION

Modern games require a high level of realism to create a bond between the player and the game characters. A high level
of realism implies high-quality graphics, a strong game play, and a powerful story mode. However, the communication
between the player and the game depends on how the virtual character expresses his/her story: This includes the way
he/she moves, acts, and talks. Although there are some games with realistic facial expressions, generating those expres-
sions requires costly hardware and expert animators. Recent work in facial animation produced impressive results, such
as the characters in the game Hellblade: Senua's Sacrifice and the MEETMIKE Project.1 Despite considerable progress in
this area, automatically generating lip-synchronized animation stays as an open problem.

Different approaches to lip-synchronized speech animation were developed over the years. Procedural approaches
are better in terms of the control of the animation, whereas they might not reach the level of naturalness in
performance-capture2,3 and data-driven approaches.4,5 Our goal is to develop an audio-driven speech animation method
for interactive game characters where the control aspect is of high priority. While doing this, we want to push the bound-
aries of naturalness by introducing the effect of emotions. Although there are various approaches to procedural speech
animation, they do not take into account the effect of emotions on the mouth movement. Recently, Edwards et al.6 have
introduced the JALI model to simulate different speech styles controlling the jaw and lip parameters in a two-dimensional
viseme space. However, they do not take into account distinct emotional categories and fast/slow speech. Previous works
on emotional speech animation learn the emotional profiles of mouth movements from speech data and apply these styles
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FIGURE 1 Phoneme-to-viseme mapping: “hello” → h @ l @ U → GK AHH L OHH UUU

explicitly to modulate the animation either with a procedural7 or a data-driven approach.3 Our goal is to simulate the
mouth movement during emotions, such as happy, sad, and angry, by controlling viseme intensities with audio features
directly and implicitly. Figure 1 shows an example viseme sequence generated with our model (see Section 3.2 for the
explanation of the notation in the image caption).

Our contribution is 2-fold: (1) an expressive speech animation model that takes into account emotional variations in
audio; (2) a coarticulation model based on dynamic linguistic rules.

Our method has several advantages.

• We show that audio features can be used to create emotion-enabled mouth movements without defining explicit
emotion rules.

• The method works with a standard rig for game characters enabled with viseme blendshapes.
• It is configurable with several parameters and can be enhanced with new phonetic and linguistic rules.

In the next section, we mention the related work, followed up with the explanation of our methodology in Section 3.
The experiment and results are presented in Section 4. We conclude with limitations and future work in Section 5.

2 RELATED WORK

Methods for speech animation analyze the underlying mechanisms that drive the facial movements using the acoustic
and linguistic features derived from audio and text segments. Typically, phoneme boundaries are extracted from the given
sequence either manually or automatically using a speech recognition tool. The phonemes are then mapped to visemes
that are their visual counterparts. Multiple phonemes are often mapped into a single viseme, which represents a spe-
cific pose of the character's mouth at the apex of the respective phoneme. Recently, it has been shown that there is a
many-to-many relationship between phonemes and visemes.8

The two main approaches for audio-driven speech animation are procedural and data driven. Data-driven
approaches,8–11 more recently using deep learning,4,5 find a balance between naturalness versus the control of the ani-
mation, but they rely on expensive data collection and processing. Procedural approaches are a better choice in terms of
the control of the animation, but they might not reach the level of naturalness in data-driven approaches. Our goal is to
develop a configurable procedural approach for emotionally expressive game characters. The animation is amenable to
further improvement by animators, by adjusting the visemes' animation curves.

An important aspect in procedural speech animation is coarticulation, that is, how each viseme is effected by the preced-
ing or following phonemes. There are two main approaches: dominance functions12,13 and rule-based coarticulation.6,14

The former determines the weight of each phoneme against their neighboring ones and their influence on the respec-
tive facial control parameters. However, this method suffers from the inability to provide realistic results especially in
representing bilabial and labiodental consonants. To handle these issues, Cosi et al.15 and King and Parent16 proposed
improved versions of the dominance model. An example of a rule-based method is that by Pelachaud et al.,14 who intro-
duced forward and backward coarticulation rules. Such rules imply that visemes should influence the shape of their
neighboring ones, depending on their type and distance. Xu et al.17 defined configurable animation curves for visemes by
using diphone coarticulation. More recently, Edwards et al.6 introduced categorical rules: constraints, conventions, and
habits. Each category defines an explicit set of linguistic rules that should be applied to ensure the correctness of the final
animation (i.e., lip-heavy visemes start early and end late).

Although there are various approaches to procedural speech animation, there are only a few that take into account
the effect of emotions on the mouth movement. Bevacqua and Pelachaud7 captured and analyzed data from a speaker in
vowel–consonant–vowel segments in varying emotional categories. This resulted in the production of so-called speech
curves per viseme in varying coarticulation contexts and with different emotions. Albrecht et al.18 generated facial ani-
mations by mapping audio features and facial expressions to a two-dimensional arousal and valence space. Taylor et al.19
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analyzed the similarity between phoneme and viseme sequences in fast and slow speech. Edwards et al.6 introduced the
JALI model to simulate different speech styles. They created the JALI viseme field controlled by jaw (JA) and lip (LI)
parameters, which are effected by the pitch and intensity values in the audio. High frequency was related with stronger
articulation, hence higher parameter values, whereas lower frequency was related with weaker articulation, hence lower
parameter values.

In our work, we correlate the audio features with the weight of the respective visemes to capture the effect of distinct
emotional categories, such as happy, sad, and angry, and take into account the frequency variations among males and
females. We also apply coarticulation rules using dynamic onset/offset values and speech rate.

3 OVERVIEW

In this section, we present our approach for audio-driven speech animation. Figure 2 shows the overall pipeline. An audio
file with its corresponding transcript is given as input to a phoneme extraction tool, and the phonemes given as output are
mapped to their visual counterparts. The audio is analyzed further, and frequency and intensity values are used to adjust
the intensity of the visemes. Viseme curves together with the coarticulation rules lead to the final speech animation.

3.1 Automatic segmentation
There are several tools that can be used to extract phonemes from raw audio, such as Sphinx20 and the hidden Markov
model toolkit.21 However, they suffer from inaccurate and sometimes misaligned phoneme sequence intervals. Hence, we
proceeded to alternative solutions and specifically to forced alignment methods. Forced alignment is used as a phoneme
mapping tool. A text transcript is given as input together with the audio. The text transcript is converted into phonemes,
and the audio signal is aligned with the phonemes by finding the best fitting time intervals. In our work, we used the
Munich Automatic Segmentation System,22 which had the most accurate results. It is important to mention that phoneme
segmentation can still suffer from the general inaccuracy defects of such systems due to variations in accent or noise in
the audio signal.

3.2 Phonemes to visemes
Our work is based on the viseme list introduced in the work of Edwards et al.6 with slight variations. Similar to the work
of Edwards et al.,6 we apply a many-to-one mapping between phonemes and visemes. For example, phonemes such as
m, b, and p have the same visual representation. Visemes GK, L, and N are visualized using tongue-only manipulation, as
the mouth movement during these visemes is minimal. Similar to the work of Edwards et al.,6 the viseme TTH is divided
into two separate visemes: TTT and TH. An example is for the word theta. Two of the phonemes of this word, t and th, are
mapped with the same viseme TTH. However, both phonemes sound and look differently, as the latter requires the teeth
to be in contact with the tongue, whereas the former does not. Although most phonemes are correlated with a single letter,
there exist a few that are correlated with two alphabet letters. These phonemes are known as diphthongs or diphones.
Current speech animation techniques map these diphones to a single viseme. During our experiments, we observed that

FIGURE 2 Overall pipeline
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FIGURE 3 Visemes used in our approach

mapping these phonemes to a pair of visemes instead of a single viseme led to more natural animation (see Figure 3 for
the full list of visemes).

3.3 Expressive speech
Pitch and intensity influence all vowels and several consonants during articulation. First, regarding vowels, several stud-
ies showed that high mean fundamental frequency, which is the metric for pitch, and high mean intensity (in decibels)
are correlated with high arousal.18,23 High arousal usually appears on several intense or exaggerated emotions such as
joy or anger, emotions in which emphasis and stronger articulation occur. On the other hand, lower arousal is corre-
lated with lower fundamental frequency and lower intensity, and it appears in milder or low-intensity emotions such as
sadness or boredom. Similarly, lower frequency and intensity imply weaker articulation. Furthermore, frequency has an
impact on the articulation of some consonants. This impact mostly appears on specific consonant categories, fricatives
and plosives.6 Fricatives are articulated by pushing the air past the teeth or tongue. Thus, high mean frequencies can be
observed during stronger articulations.24 Plosives are articulated by stopping the airflow by lips or tongue. Since they are
heavily articulated, high mean frequencies are observed. Likewise, lower mean frequencies yield weaker articulation. It
is important to mention that for the rest of the consonants, we do not account pitch and intensity.

Frequency values differ between male and female. Male frequency varies from 85 to 180 Hz, whereas female frequency
varies from 165 to 255 Hz.25 Similarly, Traunmüller and Eriksson26 stated that the average male frequency tends to be at
approximately 120 Hz, whereas the average female frequency tends to be around at 210 Hz. In our model, we used the
frequency ranges as stated in the works of Titze and Martin25 and Traunmüller and Eriksson.26

To calculate pitch and intensity from audio, we used the open-source audio feature extractor openSmile.27 Pitch is
calculated in hertz, using the fundamental frequency metric F0, and intensity is calculated using the root-mean-square
energy value over a window of 1 ms. We calculated the mean frequency and intensity values for each individual phoneme
and mapped these values with the mean blendshape weights. This implies that if the weight of the blendshape of a viseme
reaches a value higher than the mean blendshape weight, we will have the phenomenon of hyper-articulation and, in
general, stronger articulation. Similarly, a lower weight will induce the phenomenon of hypo-articulation and, therefore,
weaker articulation.
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The value of a blendshape weight ranges between 0 and 1, with 0 being mouth closed and 1 being the viseme's full morph
target. We calculate the weights as in Equations (1) and (2). While WF denotes the weight caused by changes in frequency,
WI denotes the weight that is effected by the changes in intensity. As mentioned above, for the vowels, we consider both
frequency and intensity and, thus, take the average of WF and WI. For the consonants (plosives and fricatives), we only
use the pitch-influenced weight WF.

WF =
⎧
⎪
⎨
⎪
⎩

(Fp − F) ∗ Wmax−W p

Fmax−F
+ Wp, if Fp ≥ F

(Fp − Fmin) ∗
Wp−Wmin

F−Fmin
+ Wmin, otherwise

(1)

WI =
⎧
⎪
⎨
⎪
⎩

(Ip − I) ∗ Wmax−W p

Imax−I
+ W p, if Ip ≥ I

(Ip − Imin) ∗
Wp−Wmin

I−Imin
+ Wmin, otherwise

(2)

The equations imply a linear mapping between a phoneme's intensity and frequency in the given audio clip and the
blendshape weights of the corresponding visemes. Denoted with Fp and Ip are the frequency and intensity values for the
respective phoneme p. F and I are calculated by measuring the frequency and intensity of each phoneme, summing them
up and dividing by the number of phonemes in the given audio clip. Wp is the mean blendshape weight. Fmin, Imin and
Fmax, Imax are the minimum and maximum frequency and intensity values for the whole audio clip. Similarly, Wmin and
Wmax represent the minimum and maximum blendshape weights.

3.4 Coarticulation
Another important aspect of speech is coarticulation. Recall that coarticulation is about how each viseme is effected
by the preceding or following phonemes. There are no agreed-upon uniform rules of coarticulation that are defined by
linguistic theory as it depends on the context of the visemes. Therefore, existing speech animation approaches deal with
coarticulation by experimenting with different rules to increase the level of naturalness.

For smooth blending, we represent the visemes using a quadratic curve with an ascent and a descent part as shown in
Equation (3). The weight of a viseme begins with zero and gradually grows until it reaches its maximum value, matching
the phoneme's apex. The weight gradually falls starting from the maximum value to zero for the phoneme's remaining
time. WPi (tc) is the viseme's weight for the phoneme Pi at the current time tc. DVi denotes the time interval the animation
of a viseme starts and ends. Coefficients a and b are calculated by dividing tc with the percentage of the ascent and the
descent part. This percentage is defined as 75% based on the study of human articulatory muscles.28

EaseIn: WPi (tc) = a2 ∗ Wmax

EaseOut: WPi (tc) = b ∗ (2 − b) ∗ Wmax
(3)

a = tc

DVi ∗ 0.75

b = tc

DVi ∗ 0.25

(4)

Figure 4 shows two consecutive visemes. According to linguistic studies, the mouth starts to move before a phoneme is
vocalized and ends after it is pronounced.29 Thus, an animation of a viseme starts slightly before its phoneme and ends
slightly after it (tonset and toffset). The viseme reaches its maximum tapex by the time the phoneme is completed 75%, as
stated above. DPi and DP𝑗

are the durations of the two consecutive phonemes, as given by the forced alignment step, and
DVi and DV𝑗

are the durations of the corresponding visemes.
According to the sensory–motor studies of speech movement, the onset/offset value is defined to be 120 ms.29

Edwards et al.6 used 120 ms as the default onset and offset value for most phonemes and 150 ms for the ones that had the
effect of lip protrusion as well as defined other contextual varying onset times. By using a static interval of 120 ms as in the
work of Bailly,29 a major problem arises. On audio with a fast speech rate, the duration and distance between phonemes
are small, causing several phonemes to be overlapping each other and, thus, creating misleading and unnatural speech
animation.

To counter this problem, we make both the onset and the offset interval as variables so that they can vary depending
on the speech rate and the type of the phoneme. We added an influence parameter c that is multiplied with tonset and
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FIGURE 4 Coarticulation for two neighboring phonemes

toffset. Here, c is a weight value varying between 0 and 1 that defines the degree of influence of a phoneme type over
another phoneme type. There are four different phoneme influence coefficients: vowel over vowel, vowel over consonant,
consonant over vowel, and consonant over consonant. We consider these parameters for the dynamic onset/offset values
only on audio with a fast speech rate. For slower speech rates, onset/offset is used as defined by Bailly29 and Edwards et al.6

Figure 5 shows three different scenarios for the emotion type angry, where the value of c is set to 0.1, 0.5, and 1, respec-
tively. The audio transcript is “kids are talking by the door” taken from RAVDESS, the Ryerson Audio-Visual Database of
Emotional Speech and Song.30 The sentence is converted into SAMPA notation: “k I d z A: t O: k I N b aI D @ d O:”. Sub-
sequently, phoneme-to-viseme mapping turns the sentence into “GK IEE T SSS AHH T OHH GK IEE GK MMM AHH
IEE TH Schwa T OHH RRR” as defined in Section 3.2. The variations in the top values of the viseme curves are based on
the changes in their weight calculated based on pitch and intensity. As the influence parameter c increases, the consecu-
tive phonemes start to overlap with each other more. When the influence parameter is set to c = 0.1, most of the visemes
do not overlap with each other since their durations are minimized. It means that these visemes will not influence their
neighboring ones, and therefore, we will have the phenomenon of fast mumbling due to their minimized duration. Sub-
sequently, by setting the parameter to c = 0.5, the neighboring influence is increased in a way that some visemes start to
overlap with each other. Finally, when we use c = 1 as the value of the influence parameter, we have no influence on the
tonset and toffset values at all; therefore, the raw durations obtained from the phoneme extraction tool and the predefined
values for tonset and toffset are used. As a result, we observe more overlapped visemes than in the previous cases. For our
experiment, same values (vowel over vowel = 0.8, vowel over consonant = 0.4, consonant over consonant = 0.2, and con-
sonant over vowel = 0.4) are used for all the animation clips generated, as these values are taken as emotion independent
but rather related with the relationship between phoneme types. They are derived heuristically by observation and based
on the above guidelines. Further studies are required to see if these values change according to different emotions.

In addition to the coarticulation model described above, explicit rules of constraints, conventions, and habits are
applied, as inspired by the work of Edwards et al.6 Each category includes various rules that ensure correctness and
smoothness for phonemic transition. Constraints include visual rules such as the closure during bilabials (b, p, and m) or
contact between the top teeth and the bottom lip during labiodentals ( f and v). Conventions include rules such as strong
articulation on lexically stressed vowels (e.g., phoneme i in fire) or mouth opening during pauses. Finally, habits include
rules in which the appearance of each viseme is influenced by neighboring visemes, for example, the union of duplicated
visemes (e.g., pop band, where p and b are articulated into a long viseme MMM) or neighboring viseme influence during
tongue-only visemes (l, n, t, and d).

Apart from specifying these explicit coarticulation rules, phonemes that contain more than one letter, known as
diphones, are manipulated differently. Since diphones are treated as single phonemes at the forced alignment step, they
have a single time duration. We divide their duration into two equal parts and used the phoneme prominence model
described above to decide on the onset/offset values. It is known that speech rate can strongly influence the way people
speak and, therefore, articulate their lip muscles. We mentioned earlier that by introducing the onset/offset variable, the
problem of speech rate is resolved to some extent. On top of that, based on the findings of Taylor et al.,19 we added extra
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FIGURE 5 Animation curves for influence parameters: c= 0.1 (top), c= 0.5 (middle), and c= 1 (bottom)

rules related to phoneme substitution or deletion. In case of fast speech, several consonants exceeding the threshold are
dropped from speech (h and t), and vowels exceeding the threshold are substituted with the viseme Schwa.31

4 EXPERIMENT AND RESULTS

We conducted a user experiment by comparing our method against two speech animation generators: FaceFX32 and
Rogo Digital's LipSync.33 They are both based on procedural speech animation but do not take into account emotional
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FIGURE 6 Male and female virtual characters

variations. External batch scripts were developed for processing the phonemes and audio features based on the Munich
Automatic Segmentation System and openSMILE. Our model is implemented as a plug-in to the Unity 3D game engine.
The 3D models and blendshapes were created with Daz 3D Studio. Figure 6 shows the male and female 3D models used
in our experiments.

For generating the videos, we used the RAVDESS data set,30 which contains emotional variations of two sentences: “kids
are talking by the door” and “dogs are sitting by the door”. We also extracted longer audio files as poems from the public
audiobook library LibriVox. We generated 34 videos representing various emotional states (happy, sad, angry, song, and
poem) for male/female voices (three different voices per gender) as seen below.

Six different voices (FemaleV0, FemaleV1, FemaleV2, MaleV0, MaleV1, MaleV2)
Five emotional states (happy, sad, angry, song, poem)
Four types of transcripts (“kids are talking by the door”, “dogs are sitting by the door”, Spring Cowardice, To A Traveler):
the first two transcripts are from the RAVDESS data set, whereas the latter two are poems from LibriVox

We had 26 participants in total, of which 16 are male and 10 are female. The users compared two videos each time, our
method versus FaceFX and our method versus Rogo Digital, and selected the one that looks most natural to them. The
videos generated for the questionnaire can be viewed online.34 The results can be seen in Tables 1 and 2.

Our method had a higher user preference over both FaceFX and Rogo Digital, that is, 58% and 57%, respectively. Regard-
ing emotional variations (Table 1), our method scores better in the happy, sad, angry, and song categories. However, the
effect was not the same for the poem category. We speculate that that is due to the complex emotional variety in the poem
with alternating intonations and longer duration. Our method takes into account shorter audio clips and calculates the
mean intensity and frequency values from the whole audio clip. This problem can be encountered by calculating these

TABLE 1 Results (emotional variations)

Emotion Comparison 1 Comparison 2

Ours FaceFX Ours Rogo
Happy 135 73 119 89
Sad 116 92 117 91
Angry 111 97 116 92
Song 125 83 132 76
Poem 23 29 20 32
Total 510 374 504 380
Total% 58% 42% 57% 43%

TABLE 2 Results (voice type)

Voice Comparison 1 Comparison 2

Ours FaceFX Ours Rogo
FemaleV0 108 100 97 111
FemaleV1 140 68 123 85
FemaleV2 11 15 11 15
MaleV0 120 88 143 65
MaleV1 119 89 121 87
MaleV2 12 14 9 17
Total 510 374 504 380
Total% 58% 42% 57% 43%
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values over a sliding window of shorter durations rather than based on fixed-length audio clips. Regarding voice types
with male and female voices, the preference is mostly in our favor except for FemaleV2 and MaleV2 in the case of the
poem again.

During our experiments, we observed that the minimum and maximum frequency values for male and female had a
big impact on the final animation. When the default values for the minimum and maximum frequencies introduced in
Section 3.3 were not appropriate, we extracted them from the data set we have. We also experimented with swapping
the female range with the male range to see whether we see a difference in the final animation. What we noticed is that
when we swapped the frequency range from female to male, we had the phenomenon of hypo-articulation, as the average
male frequency tends to be significantly lower than the female one. The opposite was observed when we swapped the
frequency range from male to female. Since the male frequency range is lower than the average female frequency, we had
the phenomenon of hyper-articulation, as visemes tend to reach their maximum weight.

5 CONCLUSION AND FUTURE WORK

Our approach succeeded in providing mouth animation that was accurate in terms of synchronization with audio and
with the ability to express emotional variations. We compared our method against two procedural methods. The results
show that our method produces more natural animation in most of the cases. However, there are also limitations and
directions for future work.

The results were mainly based on a subjective user study. A quantitative error metric can be added to compare the
lip-synchronized motion generated with our method to the ground-truth animation. We also intend to compare our
method against other recent audio-driven procedural and data-driven speech animation approaches, conducting another
user study with also statistical significance.

Mapping frequency and intensity features from audio with viseme weights was a good starting point toward generating
expressive speech. However, further acoustic features and their influence on the visemes should be analyzed. We need
to test with other emotional categories to see how the model handles these cases and which improvements can be made.
That requires extensive analysis of emotional curves of visemes in various contexts and the construction of an emotional
viseme space that can be linked to audio features. Furthermore, although we were able to generate variations between
fast and slow speech animation, the results for the faster animation are found to be less natural, which requires further
investigation.

The results were heavily dependent on the phoneme segmentation tool. The system requires both audio and its respec-
tive transcript to extract the phoneme intervals, which are important for accurate synchronization. However, for a fully
automatic pipeline, we need to surpass the audio's transcript and purely extract phoneme information by using only the
audio. There exist several tools that already implemented this procedure, but with low accuracy. Finding the perfect tool
for phoneme extraction still remains a challenge.

Finally, we need to add more facial parameters that are influenced by speech and not be restricted only on mouth
movement: Cheeks, eyes, and head are parameters that are heavily influenced by speech. Moreover, the model should be
tested with other languages.
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