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Abstract lem during an interaction. While such a scheme can

be attempted for desktop systems, the number of in-
In this paper we present our system for speech intentstances where speech sounds are produced but not in-
detection. In traditional desktop speech applications, tended for the ASR system are many more. For ex-
the user has to explicitly indicate intent-to-speak to ample, the user might be talking with someone else in
the computer by turning the microphone on. This is the room or be interacting with an ASR system on the
to alleviate problems associated with an open micro- telephone or even with another computer.

phone in an automatic speech recognition system. In |4 Human-Human communications, one prominent
this paper, we use cues derived from user pose, pProX-modality that is used in addition to speech is the visual
imity and visual speech activity to detect speech in- modality. For example, we attract a person’s atten-
tent and enable automatic control of the microphone. tjgn by making eye contact, being physically proxi-
We achieve real-time performance using pre-attentive mate pefore engaging in a conversation. In addition,
cues to eliminate redundant computation. we can see the lips move in addition to hearing the
speech. In short, humans use visual cues to estab-
lish intent to speak. Researchers have experimented
with such cues in Human-Computer dialog turntak-
ing with the computer directing its gaze away from

Speech recognition systems have been a major fo_.the user and to indicate to the user that the computer

cus of ongoing research into an intuitive and natu- 'S PUSy[1]. Apart from establishing intent to speak,
ral Human-Computer interaction. Significant progress humar;]szusz V(;Sl;]al s;;]eechbcues to better undgrs_tand
has been achieved in terms of accuracy of automaticSP€€C [2]. And there have been some success in inte-

speech recognition (ASR) to the point that commer- 9'ating visual cues in an ASR system [3, 4, 5]. Joint
cial systems are being deployed regularly, especially processing of audlp and visual information hav:_e begn
in desktop and telephony applications. usgd successfully in speaker change, speaker identifi-
In a desktop application, while the ASR perfor- cation etc as well[6, 7].

mance is reasonable, the user of such a system has to In this paper, we propose to use the visual channel
explicitly turn the microphone ON or OFF indicating for establishment of speech-intent. One can argue that
intent to speak. This is needed to prevent the ASR sys-rather than using the visual channel, a user can explic-
tem from trying to recognize background noise. Con- itly address the device with a unique name to establish
trast this with a telephony channel where the intent to intent. This has a couple of obvious problems. As the
interact is established as long as the connection is kepthumber of devices increase in our environments, re-
alive. In addition, telephone based ASR systems per-membering their names becomes a cumbersome task.
form silence detection to mitigate the open mic prob- In addition, requiring a user to refer to an objectin or-

1 Introduction



der to establish intent takes away from the naturalnessthreshold that could have allowed us to decide on the
of the interaction. In addition if the user is simulta- frontalness of the pose by simple thresholding of the
neously interacting with multiple devices, something face score.

that is fairly common even now, it becomes difficult

to disambiguate the device to which a particular ut-

terance was directed without explicit naming of the 2.1 Geometric

device in each utterance. This situation is clearly un- . .
desirable. independent pose detection

In this paper, we concentrate on establishment of |n order to get a user-independent pose estimate we
intent. We assume that the Human-Computer interac-perform additional pruning of the face candidates us-
tion is a traditional desktoppeech-in,visual-ouce-  ing the feature detectors. We allow a lower threshold
nario. Specifically, we define intent to speak in the for face detection which increases the number of non-
above scenario as a face close and frontal with respectrontal faces being detected along with higher false
to the computer screen, with lips moving. The intentis alarms. Once a face candidate is identified and facial
established as soon as a frontal face is detected and iseatures of interest are located, we prune candidates

maintained as long as the lips are moving in addition and estimate the frontality of pose based on the fol-
to a frontal face being detected. lowing aspects:

pruning for user-

e The sum of all the facial feature scores is com-
pared to a threshold to decide whether the candi-

2 Frontal face and feature detec- date should be discarded or not.

e The number of main features that are well rec-
ognized is used to further prune out unreliable
matches. We discard candidates with low score
for the eyes, the nose and the mouth.

tion

We employ the face detection system presented in
[8, 9] as our initial face detector. Briefly, a skin- _ _
tone segmentation is performed to locate image re- ¢ The ratio of the distance between each eye and

gions where colors indicate presence of a face. These
regions are then scored with a combination of a Fisher
Discriminant and a Distance From Face Space (DFFS)

the center of the nose is estimated. If the pose is
frontal, this ratio will be unity.

The ratio of the distance between each eye and

to give a face likelihood score. Higher the total score,
the higher the chance that the considered region is a
face.

A similar method is applied, combined with statis-
tical considerations of position, to detect the features
within a face. Notice that this face and feature de-  The last two ratios will differ from unity for non-
tection scheme was designed to detect strictly frontal frontal faces. So, we compute these ratios for each
faces only, and the templates are intended only to dis-face candidate and compare them to 1 to decide
tinguish strictly frontal faces from non-faces: general whether the candidate has to be discarded or not.
facial poses are not considered at all. Then, if one or more face candidates remain in the

The face score is then compared to a threshold to candidates stack, we will consider that a frontal face
decide whether or not a face candidate is a real face.has been detected in the considered frame. In addition
This score, for a given user, varies almost linearly as to this, we allow a burst parameter that allows a deci-
the user is turning her head — the score being the sion to remain static for a certain number of frames.
highest when the face is strictly frontal and the low- This is to prevent the microphone from being acci-
est when it is in profile. But this face score is user- dentally turned off because of occasional false nega-
dependent and we could not find a user independenttives. Further details of this algorithm can be found in

the side of the face region is also expected to
be unity for frontal poses (each face candidate
is normalized so that the side of the detected face
square corresponds to the eye separation [8]).
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Figure 2: Pose detection delay vs. speedup

Figure 1. ROC curve for the pruning method com-
pared with simple face score thresholding. The differ-
ent datapoints correspond to different burst values. formance. Since we have not changed the underlying
detection or pruning algorithms, the detection perfor-
Ref.[10]. Figure 1 shows the comparison between the mance remains the same for static test sets. In dy-
pruning method and simple thresholding for a small namic test sets (where the user pose is slowly chang-
dataset of 10 users. ing from frontal to non-frontal and vice versa), we
expect a small delay in detection of the onset of a
pose and likewise a delay in detection of the end of
. . a frontal pose. In addition, this delay varies with the
3 Pre-attentive cues for real-time pre-attentive threshold. For large values of this thresh-
old, no change in the incoming image is big enough
performance and therefore no pose will be detected. For small val-
ues of this threshold, we gain computational savings
It may not be necessary to detect face pose in everyat the cost of a small delay in the detection. An exper-
incoming frame of video. For example, if there is iment with 4 subjects changing their pose from non-
no face in front of the camera, there is relatively lit- frontal to frontal to non-frontal continuously is shown
tle change in the incoming image. Similarly once a below in Fig. 2. The Y-axis shows the delay in num-
person is frontal and speaking in front of the camera, ber of frames between the onset of a frontal pose in
the head motion is small and once again there is little our hand annotated ground-truth and the pose being
change in the incoming image. Only the mouth shape detected by the algorithm. The X-axis shows the cor-
changes with speech. We try to exploit this by per- responding processing speedup achieved. We notice
forming a simple image difference operation right at that for small thresholds, the delay is quite small but
the outset and invoking the face detector/tracker only the computational speedups are large. We select 15x
for large changes in the image. This is akin to the rep- speedup as our operating point in the final system.
tilian vision which detects objects only if they move. This is sufficient to give us roughly 30 frames per sec-
The main advantage of using such pre-attentive cuesond performance with a reasonable desktop computer.
is computational savings at very little sacrifice in per-



4 Detection of Visual Speech Ac- this onset delay in our application, we find that other
issues such as operating system delays make it diffi-

Wi cult to get a reliable estimate of the onset delay and
tivity "
exploit it.

The final component of our system is the detection of W& have begun work on combining speech in-
visual speech activity. This is used to validate a speechte”_t f_ietecﬂon with aUlejVISyal Speakgr ldent|f|cat|9n.
intent decision triggered by a frontal pose. Once a Thisis to _enable authentlcatlon in addltlontp gnaplmg
frontal pose is detected, the microphone is switched & natural interface. While the work is promising, it is
ON and the ASR system is activated. However, the &t @n early stage to report on the performance.

user may not be speaking and we encounter the open
mic problem as before. To counter this, we employ a
similar technique to pre-attentive cues to determine if 5
the user has speech intent. From the facial feature es-
timates, we extract a bounding box encompassing the
lips. This bounding box is compared with the corre-
sponding box in the previous frame. We note here that
this bounding box is extracted irrespective of whether

Summary

In this paper we presented a vision based microphone
switch for desktop speech applications that uses face
detection, pre-attentive cues and visual speech activ-
L . ity. This enables a more natural speech interface.
we perform face detection in a particular frame. For . : . ;
Such a system can be combined with audio and vi-

the frames where we do not perform face detection, . e o
: . . " sual speaker identification to perform authentication
the feature locations estimates from the last detection.

are used to extract the bounding box. We compare the'" addition to enabling a natural interface.

average illuminance of the extracted mouth regions.

The intuition is that when the mouth is open, the av-
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