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Abstract
In this paper we investigate the limits of automated lip-reading
systems and we consider the improvement that could be gained
were additional information from other (non-visible) speech articulators available to the recogniser. Hidden Markov model
(HMM) speech recognisers are trained using electromagnetic
articulography (EMA) data drawn from the MOCHA-TIMIT
data set. Articulatory information is systematically withheld
from the recogniser and the performance is tested and compared
with that of a typical state of the art lip-reading system. We find
that, as expected, the performance of the recogniser degrades as
articulatory information is lost, and that a typical lip-reading
system achieves a level of performance similar to an EMAbased recogniser that uses information from only the front of
the tongue forwards. Our results show that there is significant
information in the articulator positions towards the back of the
mouth that could be exploited were it available, but even this is
insufficient to achieve the same level of performance as can be
achieved by an acoustic speech recogniser.
Index Terms: automated lip-reading, visual speech recognition, articulatory analysis

1. Introduction
Visual-only speech recognition is known to be a difficult problem [1]. Automated systems generally extract visual features
from image regions that contain the mouth and train recognition systems to identify classes of sounds based on the temporal
pattern apparent in these features — a process known as automated lip-reading [2, 3, 4]. Conversely, humans tend to use
more information than is available at just the lips. For example,
humans also will use head movements, facial expressions, body
gestures and, more importantly, language structure and context
to help them identify what was spoken — a process referred to
as speech-reading [5].
Most of the focus on constructing automated speech recognition systems that utilise visual information has been with respect to audiovisual speech recognition [6, 7, 8]. That is, augmenting an acoustic speech recogniser with visual features to
improve the robustness of the recogniser to acoustic noise. Few
studies focus on developing pure automated lip-reading systems, and fewer still focus on developing speech-reading systems. The complexity of building an automated system that integrates all of the modalities used by human speech-readers is
far beyond the current state of the art. Thus a major limitation
of automated lip-reading systems is that not all of the speech
articulators are visible, and so the information available to the
system is somewhat limited. This means that the differences
in articulation for many sounds are where they cannot be seen,
and so many sounds appear visually similar on the lips. For example, the place of articulation for the phonemes /b/, /m/ and

/p/ is at the lips (these are bilabial stops and require a closure
of the lips). The differences between these sounds are in the
voicing and the nasality. Similarly /f/ and /v/ are labiodental
fricatives and require the lower lip and upper teeth to come into
close contact. Again, one of the main differences between these
sounds is that /f/ is voiceless whilst /v/ is voiced, a difference
that generally cannot be seen at the lips.
It is customary to divide the set of phonemes into visually contrastive groups, referred to visemes (or visual
phonemes) [9]. Visual speech recognition then involves constructing models for visemic classes rather than phonetic
classes, and using these models to recognise speech from only
visual data. There are many problems with this. Firstly, the
number of unique words is significantly fewer using a visemic
rather than a phonetic transcription. Secondly, there is no
standardised set of visemes — many possible mappings of
phonemes to visemes have been proposed. Thirdly, the same
“viseme” can appear very different because of coarticulation effects (e.g., the /l/ and /n/ in “lean” and “loon” are very different
visually yet supposedly have the same visemic label and so the
same visual meaning).
In this work we are interested in understanding the limitation of lip-reading systems. That is, how accurate can a visual speech recognition system be given that not all of the articulators can be seen? To this end, we construct automatic
speech recognisers trained on various articulatory information,
and measure how the performance of these systems degrade as
information is withheld from the recognisers. We compare the
results with a typical automated lip-reading system.

2. Data set and Features
The articulatory features used in this work are drawn from
the MOCHA-TIMIT data set [10], which consists of a series
of electromagnetic articulography (EMA) measurements for a
male and a female speaker. The EMA data are captured at
500Hz and represent the x- and y-positions of eight points on
the mid-sagittal plane at the upper and lower lips, upper and
lower incisors, tongue tip, blade and dorsum, and the velum.
The video data for lip-reading used in this work are drawn
from a custom made data set of 25 speakers reading the United
Nations declaration of human rights. The video was recorded
using a Sanyo Xacti FH1 camera at 1080p resolution and 60
frames per second. Note, the MOCHA-TIMIT data set does
have corresponding video data, but the videos were not captured under ‘good’ conditions. For lip-reading we require some
constraints to be imposed on the speaker(s) — the speaker must
be facing the camera so the articulators always are visible, and
the head pose should ideally be reasonably constant.
To extract visual speech features for recognition, an active appearance model (AAM) [11] is trained manually from

a few tens of images for each speaker. Our choice of visual
feature is motivated by earlier work comparing visual features
for lip-reading [12]. We have found that model-based features
significantly outperform image-based features (such as eigenlips or discrete cosine transform (DCT) features). To construct
an AAM, each image is marked with a number, k, of feature
points that identify the features of interest on the face — the
inner and outer lip contours in this case. The feature points are
normalised for pose (translation, rotation and scale) and are subject to a principal components analysis (PCA) to give a compact
model of shape of the form:
s = s + Sbs

(1)

where s represents a vector of concatenated feature points and
s is the mean shape. The columns of S are the n leading eigenvectors of the covariance matrix defining the modes of variation
of the shape, and the shape parameters, bs , define the contribution of each mode of variation in the representation of s. An
example shape model is shown in Figure 1.

using:
bs = ST (s − s) ,

(3)

then warping from the shape s to s and computing the appearance parameters using:
ba = AT (a − a) .

(4)

These feature vectors are concatenated to give the vector upon
which the recognition experiments are based


bs
b=
.
(5)
ba
These vectors form a parameter trajectory though the AAM
space corresponding to the words spoken by the speaker. To
compensate for inter-speaker differences in the parameters, the
visual features, which are highly speaker dependent, are z-score
normalised per speaker. Inspection of these normalised features
show their distribution is approximately Gaussian. We also normalise the EMA x and y points to compensate for physiological
differences between the two speakers.

3. Recognition Experiments

Figure 1: The first two modes of variation of the shape component of an AAM varying between ±3 standard deviations from
the mean. The first mode appears to capture variation due to
mouth opening and closing, and the second appears to capture
variation due to lip-rounding.
AAMs also allow for appearance variation, where each image is shape normalised by warping from the labelled feature
points, s, to the mean shape, s. The pixel intensities within the
mean shape are concatenated and the resultant vectors are subject to a PCA. A compact model of the appearance variation is
given by:
a = a + Aba
(2)
where a is a shape-normalised image (i.e. warped onto the mean
shape) and a is the mean appearance image. The columns of A
are the m leading eigenvectors of the covariance matrix defining
the modes of variation of the appearance, and the appearance
parameters, ba , define the contribution of each mode of variation in the representation of a. An example appearance model
is shown in Figure 2.

Figure 2: The mean and first three modes of variation of the appearance component of an AAM. The appearance images have
been suitably scaled for visualisation.
To solve automatically for the AAM parameters over an entire video sequence we typically use the inverse compositional
project-out algorithm [13] to track the positions of the landmarks defining the AAM shape. The shape and appearance parameters can then be solved by computing the shape parameters

In our visual-only recognisers, tied-state mixture triphone hidden Markov models (HMMs) are used to model coarticulation
around a central phone, as is typical in state-of-the-art speech
recognition systems. The phone level transcriptions required
to construct these models for the EMA data are provided with
the MOCHA-TIMIT data set, and for the AAM features the
phonetic transcriptions were generated from automatically expanded word level transcriptions generated from the acoustic
speech. A “flat start” [14] was then applied to the training (visual) data so that the segmentations were not influenced by the
acoustic segmentation.
Each of the 44 phone-HMMs is a three-state single Gaussian model. These were replicated to form triphone models for
all phone contexts present in the training data. At this stage,
there are many triphones with too few examples to train accurate models. To overcome the problem of data sparsity, appropriate states are “tied” together in order to share data between
infrequently occurring triphones. Deciding which states to tie is
done using hierarchical tree clustering driven by left and right
viseme context questions. In a phone recognition system, the
most significant coarticulation rules are known from knowledge
of the phonetic properties of speech. In this work we use the
phone clustering rules provided by the Resource Management
tutorial demo [15]. During clustering, rules that do not satisfy
state occupancy and likelihood thresholds are ignored, leaving
the most appropriate rules for the given parameters. The thresholds we specified retained between 6–7% of the total number of
states after tying. Finally, the number of mixture components
was increased sequentially from one to eight. To ensure the language model does not influence recognition, the grammar scale
factor is set to 0, and to balance the insertion and deletion rates
the insertion penalty is set to between -15 and -20 — see the
HTK book [14] for more information on these properties of the
recogniser.
3.1. Speaker Dependent Articulatory Features
We first establish the maximum accuracy that can be achieved
using context-dependent phone recognisers trained on the EMA
features from the MOCHA-TIMIT data set. Next, subsets of

these features are formed by removing systematically articulatory features. The degradation in performance of the recognisers can then be measured as a function of the loss of information
that results from removing the articulator(s).
First, speaker-dependent recognisers are built for the two
speakers in the MOCHA-TIMIT data set. A five fold cross validation set up is used, giving 92 test utterances per fold. The
features initially consist of all 16 x–y coordinates from all 8
sensors, and then each sensor is removed in turn from the back
to the front of the speech apparatus until only one articulator
remains. This allows us to simulate the loss of information due
to the limited visibility of the articulators toward the back of
the mouth during lip-reading. To benchmark the performance
against features used in traditional acoustic phone recognition,
tied-state multiple mixture speaker-dependent HMMs also are
trained and tested using MFCC features extracted from the
acoustic speech signal.
3.1.1. Results
The mean phone recognition accuracy of the speaker-dependent
recognisers is illustrated in Figure 3. A mean accuracy of 65%
is obtained using MFCC features in a speaker dependent recogniser for both the male and the female subjects. This is in contrast to the mean accuracy of only 45% achieved using all articulatory features. This difference in performance is likely attributable to the lack of voicing in the articulatory features —
these features measure only the position of the articulators. The
removal of the EMA sensors gives an understandable reduction
in the performance, and seems to show a significant decrease
when no tongue back or velum information is present — these
sensors may provide cues related to nasality, so when they are
removed differentiating nasal from non-nasal sounds becomes
difficult. Interestingly, using only the position of the lower lip as
a feature for speech recognition provides a mean phone recognition accuracy of 12%, which still is significantly above chance
(2.25%).
3.2. Speaker Independent Articulatory Features
To consider the problem in a more general sense, speakerindependent recognisers are employed, which are trained and
tested using the same five-fold cross validation paradigm described in Section 3.1. That is, a recogniser is trained from the
female EMA data, and tested only on the male EMA data, and
vice versa. The performance is then averaged over both speakers. The performances of these recognisers are compared to a
traditional speaker-independent (visual-only) AAM-based automated lip-reading system trained and tested on AAM features
derived from the custom UN data set. The results are shown in
Figure 4.
3.2.1. Results
The performance of the speaker-independent recogniser is significantly below that of the speaker-dependent recognisers. Using all sensors provides a mean phone recognition accuracy of
only 29% (compared with 45% for speaker-dependent). However, we note the trend of the curves for both Figures 3 and 4 are
very similar. A mean accuracy of 14.5% is obtained using the
AAM features, with a standard deviation of 2.4. It is interesting to note where the line in Figure 4 marking the performance
of the AAM-based recogniser intersects that of the line marking the performance of articulatory features. This appears to be
somewhere between when the tongue blade and the tongue tip

Figure 3: Speaker-dependent phone recognition using articulatory features. The left-most score along the x-axis denotes that
all articulators were used by the recogniser. Each subsequent
score denotes the removal of an articulator (named on the axis),
and the removal is cumulative moving left-to right (e.g. -tongue
dorsum indicates that both the velum and the tongue dorsum
were not included). The plot shows the mean accuracy averaged over the five-folds, and the error bars denote ±1 times the
standard error. The accuracy (and the trend) for both speakers
is very similar, and as would be expected the performance degrades as information is withheld from the recogniser.

are included (with the teeth and lips). This is a striking result
that shows just how much information is contained in the sparse
EMA features compared with the dense description provided by
the AAM. This result also shows that similar information appears to be encoded in both feature sets, and possibly where
the upper bound on the expected performance of a visual-only
recogniser might be.

4. Summary and Future Work
In this paper we have investigated the limits of automated lipreading. We first used EMA features to measure the maximum
mean phone recognition accuracy that can be achieved using
all eight of the sensors in the MOCHA-TIMIT data set. We
then systematically removed sensor data to simulate the loss of
information due to the rearmost articulators being not visible.
The performance of these EMA-based recognisers was compared both with a traditional acoustic speech recogniser and
a traditional AAM-based lip-reading system. We found that
using all eight articulatory sensors, not surprisingly, achieved
the best performance. However, this was significantly below
the performance of an acoustic speech recogniser trained on
the equivalent acoustic speech, but significantly better than an
AAM-based system. We found that the performance of the
EMA and AAM-based systems was approximately equal when
the articulators in front of the tongue blade were available to
the recogniser (i.e. information that can be seen). This perhaps
suggests the upper bound on the expected performance of pure
lip-reading using only visual features.
We note that only eight EMA sensors are included in the
MOCHA-TIMIT data set, and that these measure the x–y position only along the mid-sagittal plane. This work would ben-
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