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Abstract

Human interaction through speech is a multisensory activity,
wherein the spoken audio is perceived using both auditory and
visual cues. However, in the absence of auditory stimulus,
speech content can be perceived through lip reading, using the
dynamics of the social context. In our earlier work [1], we had
presented a tool enabling hearing impaired to understand spo-
ken speech in videos, through lip reading. During evaluation
it was found that a hearing impaired person, trained to lip read
Indian English was unable to lip read speech in other accents of
English. We hypothesize that this difficulty can be attributed to
a difference in viseme formation arising from underlying pho-
netic characteristics. In this paper, we present a comparison be-
tween auditory and visual space for the same speech utterance
in English, as spoken by an Indian and a Croatian national. Re-
sults show a clear correlation between distances in the visual
and auditory domain at viseme level. We then evaluate the fea-
sibility of building visual subtitles through viseme adaptation
from unknown accent to known accent.

Index Terms: visual speech, cross modal comparison, viseme
adaptation from known accent

1. Introduction

Speech is the most important signal for human-human interac-
tion, the perception of which is not limited to signals from the
auditory domain alone. During a face-to-face interaction, the
percept is formed when the auditory and visual systems process
the cues presented to them in a synchronous fashion. Studies
report that perception of speech is faster when visuals are avail-
able [2, 3] indicating a strong correlation between visual and
auditory domains when speech perception is considered. In-
fluence of visual cues on interpretation of various aspects of
speech such as prosody, speaking rate, coarticulation, lexical
tone, emotions etc. have been explored. In their work [4], au-
thors examined the contribution of visual and auditory cues to
prosody perception and found that visual cues alone were suf-
ficient for this task. In their further work [5], they specifically
focus on the correlation between head and eyebrow movement
and different prosodic conditions. Variations in speaking rate
are more prominent in the visual domain than in the acoustic
domain [6], the authors attribute this to the effect of coartic-
ulation. Researchers have found that visual only (VO) cues
can be used to distinguish and identify tones, by speakers of
tonal languages like Thai and Mandarin, with non-native speak-
ers actively seeking visual information for tone discrimination
[7]. Several of their studies are focussed towards understanding
the influence of visual cues in tone perception. Classification
of emotions was achieved to a good extent through visual only
features using Principal component analysis and speaker face
normalization[8]. In [9], authors investigated the usefulness of
visual cues for emotion identification and found a strong rela-
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tionship between audio and video modalities for emotion per-
ception. In recent work, researchers have been able to classify
native/non-native speakers based only on visual cues [10], us-
ing bag of dynamic features, wherein Discrete Cosine Trans-
form (DCT) features gave the best classification result, indicat-
ing a possibility of accent classification based on visual-only
features. All of the above studies contribute to either automatic
recognition of audio-visual signals or synthesis of visual repre-
sentation of aspects of speech, for automatic creation of speech
animation. Not much visual-speech related work has been done
from the perspective of assistive technology for hearing im-
paired, which demands high accuracy of the visual represen-
tation of speech. A clear understanding of the contribution of
visual and auditory cues on speech perception is imperative for
building assistive tools. Literature suggests that information is
better acquired when auditory and visual cross modal acquisi-
tion process is used. In [11], authors have explored the influence
of auditory priming on lip reading performance of individuals,
results suggested that phonological representations were shared
across auditory and visual processing. Studies for understand-
ing auditory-visual nature of speech are being conducted at the
grass-root levels through developmental studies [12]. Some
studies also reported that visual speech does not necessarily
depend on the auditory cortex region being activated [13], im-
plying that a fair amount of information regarding the sound
content can be derived from the visual space alone. In [14]
research directions towards understanding natural statistics of
audio visual speech have revealed robust correlations and corre-
spondence between the area of the mouth opening (inter-lip dis-
tance) and speech, both in temporal and frequency domain (first
and second formants) as well as a good degree of correlation be-
tween the syllable timescale and facial movements.Researchers
also reported consistency in results across two languages and
different speech contexts.

In our earlier work [1], we had built a tool that was envi-
sioned as a visual aid for the hearing impaired to enable ac-
cess to videos. The tool essentially produces lip movement se-
quences for a selected video, such that it is in time synchroniza-
tion with the speech of the video. The lip movement sequence
is then superimposed onto and displayed along with the original
video. This visual equivalent of closed captioning was termed
visual subtitles. During user evaluation of this tool, it was found
that the users were unable to perceive visual subtitles for non-
Indian accents of English. We hypothesise that the difficulty is
due to the difference in the visual domain and can be attributed
to the difference in the auditory domain. The objective of this
paper is to explore the correlation between phonetic cues in the
auditory domain and viseme formation in the visual domain for
the same speech utterance when spoken by in two different ac-
cents. We further explore if this difference can be inferred or
predicted from the phonetic domain alone, by building a map-
ping between two accents (say Al and A2) so that a person
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trained to lip read in accent A1l can still lip read speech in ac-
cent A2.

The rest of the paper is organized as follows. Section 2 de-
scribes the technique used to compare the visemes for the same
speech sound as spoken by natives of two different countries
and is the main contribution of this paper, Section 3 discusses
the experimental results, and we conclude in Section 4.

2. Computation of visual and phonetic
distances

In this paper, we verify if there exists a difference in the visual
representation (viseme) of the same speech sound when uttered
by individuals from different nationalities and hence spoken in
different accents. This exercise is envisioned to give insights
into the influence on the formation of visemes for varying ac-
cents in speech for the same language, namely English. There
does not exist a standardised definition of visemes in litera-
ture. In [15], authors describe two practical definitions and the
method to arrive at them. The viseme classification used in this
work is based on linguistic knowledge and is derived such that
each viseme maps to a set of phonemes that have the same vi-
sual appearance, giving a one-to-many mapping of visemes to
phonemes as shown in Table 1

Viseme | Phonemes | Viseme | Phonemes
0 sil 12 ay
1 E 13 h
2 a 14
3 A 15 1
4 O;au 16 S;Z
5 ey 17 S;c;zh;j
6 er 18 t;d
7 yiix;I 19 fiv
8 w;Usu 20 ;D
9 ow;0 21 kg
10 aw 22 n
11 oy 23 p;b:m

Table 1: Phoneme to Viseme mapping

2.1. Data preparation

Video data from two female speakers, one Indian and one Croa-
tian was recorded using a Logitech H D prowebcam C920.
Video was recorded at 30 fps and audio at 16 kH z sampling
rate at a resolution of [1024 x 576]. Each speaker spoke twenty
sentences from the CSRL English speech corpus [16], with 631
non unique phonemes, covering all the 48 phone classes in the
phone set used. The audio was extracted and aligned with the
transcription using HTK toolkit [17]. A second pass manual
tuning was done on the automatically annotated data. Data for
both the speakers was annotated using the same 48 class phone
set, despite the perceivable difference between speakers for a
particular phone, so as to assist in identification of phonetic dis-
tance.

The video was broken down into individual image frames
for further analysis and each image frame tagged to a particular
phone, based on the time-aligned transcription. Image frames

3413

for analysis were chosen in correspondence with the mid point
of the respective phone segment. These static viseme image
frames are visually intuitive, such as representing a bilabial
phone when the lips are completely closed and for vowels when
the lips are at maximum opening.

2.2. Computation of phonetic distance

Consider a speech utterance U, as a sequence of N phones p;,
such that, each phone belongs to one of the 48 classes.

UE(p17p27--~7pn,---,pN) where

1
pn € P where P is the set of 48 phones )

We need to compute the distance between the utterances
of the speakers, S1 and S» at phone level. 13 MFCC features
along with the first and and second derivative were extracted to
form a feature vector of length 39 for each frame, with a win-
dow size of 20 ms and overlap of 10 ms. Since the number of
frames within a phonetic segment for the two speakers differed,
the phonetic distance was computed as minimum cost alignment
(MCA) between each segment using DTW algorithm [18]. The
underlying assumption is that there is a one-to-one correspon-
dence in the phone sequence for the same utterance for two dif-
ferent speakers. The MCA for the i, phone of speaker S; and
So is computed as

PD; = MCA(pS*, p?) )

Let the number of tokens present in each phone class be M,
then the phonetic distance between speech in varying accents,
for each phone class x is computed by aggregating the phonetic
distance over the individual classes, as in Equation 3

PD,,

M
Zj/:l

PD, =
M

3)

By using the phoneme-viseme mapping in Table 1, the pho-
netic distances for each viseme in the 24 viseme class, is com-
puted as an average of phonetic distances computed for the
phones mapped to that particular viseme class.

2.3. Computation of visemic distance

First step towards the computation of visemic distance is ac-
curately identifying the Region of Interest (ROI). We have re-
stricted the RO to size normalized lip/mouth region alone, for
the purpose of our experiments. ROI was computed based
on colour-based segmentation of the viseme images, followed
by edge detection. A good contrast between the facial region
and lip was ensured during recording, such that the mouth re-
gion was extracted during the color based segmentation. Im-
age frames were segmented into three segments, using k-means
clustering in L * a * bx color space, where L is the luminance
and a and b are the two color channels. Since, in the L % a * bx
model, the perceived color difference correspond to distances
measured colorimetrically, segmentation of the mouth region
which is a deeper shade of red, yields good segmentation re-
sults.

Edge detection is applied on the segment corresponding to
red to narrow down the Region of Interest (ROI), as shown in
Figure 1.

The ROI now comprises the lips, mouth opening and sur-



Figure 1: (a)lmage frame (b)Segmented in L*a*b* color space (c)Three segments separated (d)Edge detected from c3, (e) ROI

rounding area and can be represented as
ROI = U (Lips, Mouth-opening, Surrounding-region)
Non-lip-region = U (Mouth-opening, Surrounding-region)
=ROI = U(Lips, Non-lip-region)

Color based segmentation was in turn applied on the RO,
wherein two segments corresponding to lip region (LR) and
non-lip region (NLR) were computed for each ROI image
frame as shown in Figure 2

B
e NI P 4

(a) (b)

Figure 2: (a)Non-Lip region (b)lip region

Pixel density p, defined as number of pixels in the ROI for
that particular segment, is computed for both LR and NLR.
The ratio of p of the lip to non-lip region is used as metric V. D
for comparison of lip shapes of the two speakers for the same
viseme.

LR where z € V
PNLR 3)

where V is the set of 24 visemes

VD, =

Using the above metric, an estimate of the mouth opening can
be got for each viseme, since for a wider mouth opening (vow-
els), the ratio of prr to pn.r Would be higher than for visemes
with closed lip shapes (silence).

The experimental setup and results are discussed in the next
section.

3. Experimental results

Experimental setup and results for computation of phonetic dis-
tance PD, visual distance V' D as discussed in the Section 2
and applicability to accent modification of visual subtitles are
discussed.

Speech data was annotated using 48 phoneme classes. This
48 phoneme set was mapped to 24 viseme classes based on
visual similarities as shown in Table 1. Phonetic distance for
each of the 631 non unique phonemes was computed and ag-
gregated over each phone in the 48 phoneme class and in turn
aggregated into the 24 viseme classes. Maximum phonetic dis-
tance between an instance of a phone was 340.04, the maximum
within-class standard deviation was 90.54

3414

The metric V' D, as in Equation 5, was computed for each
viseme, for both Indian and Croatian speaker. The V' D of the
two speakers are not directly comparable considering parame-
ters such as lip shape, size etc. Hence a relative grading for
visemes within a speaker, based on V' D was given. Difference
in grade given for each viseme was computed to give the visual
distance between visemes corresponding to the same speech
sound. Table 2 shows the computation of the metric V D.

Viseme VD Rank VD Rank Distance
(S1) (R1) (S2) (R2) | abs(R1-R2)
0 0.281 2 0.17 2 0
1 0.694 24 0.205 8 16
2 0.574 23 0.27 23 0
3 0.519 18 0.251 20 2
4 0.45 13 0.228 14 1
5 0.53 20 0.215 9 11
6 0.53 19 0.215 10 9
7 0.375 6 0.244 17 11
8 0.371 5 0.245 18 13
9 0.507 17 0.266 21 4
10 0.463 16 0.268 22 6
11 0.443 12 0.218 12 0
12 0.399 9 0.27 24 15
13 0.405 10 0.217 11 1
14 0.548 22 0.25 19 3
15 0.36 4 0.197 5 1
16 0.454 15 0.232 15 0
17 0.376 8 0.205 6 2
18 0.339 3 0.164 2
19 0.439 11 0.205 7 4
20 0.451 14 0.238 16 2
21 0.259 1 0.179 3 2
22 0.53 21 0.227 13 8
23 0.375 7 0.193 4 3

Table 2: Distance in visemic space

As can be seen from the Table 2, the visual distance for
vowels such as /E/ and /I/ and consonants /T/ are on the higher
side. The visual distance for silence, unvoiced consonants /k/,
/g/ and bilabials /p/, /b/,/m/ are lower.

A comparison of PD and V' D was done for each viseme
in the similar fashion as explained above, by grading and com-
paring the rankings based on the distance in the phonetic and
visual space. This similarity measure is an indication of how
well the phonetic domain distances are matched with the visual
domain. The similarity measure is expected to be closer to zero



if the distances in the visual domain are indeed caused by the
difference in the auditory domain. Table 3 shows the distance
computation between phonetic and visemic space for the top
five farthest visemes, for Indian and Croatian speakers.

Viseme | Phoneme | Rank | Rank | Similarity
(VD) (PD) measure
7 w;Usu 19 15 4
E 23 20 3
13 r 5 3 2
18 fyv 9 8 1
20 k:g 8 9 1

Table 3: Similarity measure between PD and VD

3.1. Application to visual subtitles

A comparison of the degree of similarity in the phonetic space
and visual space paves way for a deeper understanding into the
visual formation of speech sound for the same utterance in the
same language(English) as spoken by natives of different coun-
tries. Our hypothesis is that the difference in visual appearance
of a phoneme is based on the underlying phonetic characteris-
tics. We design an experiment to be evaluated by a person who
is trained to lip read Indian English. Word pairs with phonemes
that were far apart in the phonetic domain are generated such
that all other visemes except for the one being tested is kept
constant, as shown in Table 4.

Target Phoneme | Word1(generated) Word2
E BATTLE MUDDLE
/bEtol/ /madol/
U SCHOOL SCOWL
/skUl/ /skowl/
th THROUGH DREW
/thru/ /Dru/
T TEASE THESE
/Tlz/ /dlz/

Table 4: Example of word pairs for evaluation of viseme forma-
tion

Viseme sequences for the word with the target phoneme
is built using visemes from both Indian speaker and Croatian
speaker. The evaluator is asked to chose the correct word from
the pair, based on the viseme sequence The recognition word
error rate is expected to be higher for the words generated using
Croatian speaker’s visemes. These lip movement sequences
were evaluated by four subjects trained to lip read Indian En-
glish. Table 5 shows a comparative result.

4. Conclusions and future directions

We began our work with the understanding that a hearing im-
paired individual, trained to lip read Indian English is unable
to lip read English spoken in other accents. The objective was
to verify if the differences in the visual domain arise from the
differences in the phonetic domain. The results in Section 3
strengthens our motivation to build a system that will be able
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Visual distance | Viseme | % Correct
Low Croatian 61.1
High Croatian 28.57
Low Indian 77.7
High Indian 71.4

Table 5: User evaluation of visemes for Indian English and
Croatian English

to convert one accent of English to another in the visual do-
main. The above results can be applied to the tool that cre-
ates the visual subtitles, wherein using appropriate mapping be-
tween phonemes in a foreign accented English and visemes in
Indian English, the hearing impaired user will be able to bet-
ter lip read and understand the audio content. Further research
directions include examining automatically viseme formations
in larger audio-visual corpus such as the GRID corpus [19].
Towards this end, a parallel corpus needs to be built with In-
dian speakers. Impact of using dynamic visemes versus static
visemes for analysis of correlation between visual and auditory
domains [20] will be looked into. We would also like to ex-
plore the aspects such as visual representation of emotions, dis-
playing distinction between voiced and unvoiced sounds for the
same place of articulation.
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