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Abstract
This paper presents an experiment of audio-visual voice 
command recognition from small vocabulary in simulated 
noisy conditions. Electric and electronics devices should be 
controlled by these voice commands mainly in homes of 
motor-handicapped people and visual part of speech could 
improve recognition rate if a noise is relatively strong. 
Therefore the main aims of this experiment were to find out 
how visual part of speech can improve resulting recognition 
rate and if it is possible to use successfully two-stream 
Hidden Markov Models (HMMs) for audio-visual voice 
command recognition.
Index Terms: audio-visual speech recognition in noisy 
conditions, voice control of electric and electronics home 
devices

1. Introduction
The main research area of our Laboratory of computer speech 
processing is automatic continuous speech recognition mainly 
for Czech language. Czech language belongs to the 
inflectional languages therefore recognizer’s lexicon and 
corresponding language model is larger and different than e.g. 
for English. We have developed our own on-line speech 
recognizer which uses a lexicon of 320,000 most frequent 
Czech words and it covers 99% of Czech independent text. 
This recognizer is used for continuous speech dictation or for 
automatic broadcast programmes transcription systems [1].  

Our next activities are focused on the creation of tools for 
motor-handicapped people. In 2005, we have developed 
software for voice control of a PC by voice commands – the 
system MyVoice [2]. More than 50 motor-handicapped 
people are using this system at present. Handicapped people 
have different electric and electronic devices (TV, radio, HI-
FI, DVD, lights, heating, air-conditions, roller blind etc.) at 
home but they cannot control these devices therefore a system 
for voice control of different electric and electronic devices 
has been created [3] for them and this system is connected 
with program MyVoice. But the problem is that some of these 
devices produce noise so the recognition rate is lower in noisy 
conditions.

It would be possible to use some methods for filtration of 
noise or to use more microphones and methods for blind 
separation but we wanted to use methods for audio-visual 
recognition because motor handicapped people sit in front of 
monitor without movements and because visual part of a 
speech can improve recognition rate in noisy conditions. 
Processing of a visual speech signal is time demanding but 
PCs are relatively fast at present or it is possible to use cluster 
of PCs therefore some systems for large-vocabulary audio-
visual speech recognition were developed [4] till this time 
(2008). Words recognition in system MyVoice is based on 
HMMs of Czech phonemes. What should be done next is to 
create the Czech audio-visual database for training the HMMs 

of visemes. Creation of such a database is very time 
consuming and expensive therefore we have decided that a 
small audio-visual database with small-vocabulary will be 
created and whole-words’ HMMs will be trained from this 
database and these audio-visual HMMs will be used as 
special module unit to software MyVoice.  
Vocabulary was created from voice commands for controlling 
of most common home devices - lights, electric heating, air 
condition and TV. Device is switched on by one voice 
command and it is switched off by the same voice command 
if it is pronounced for second time therefore vocabulary has 
only 20 words including voice commands for controlling of 
TV. The main idea of this work was to find out how visual 
part of speech can improve recognition rate in noisy 
conditions or if it is possible to use visual speech recognition 
only from small vocabulary. The first task was audio and 
visual feature extraction for audio-visual voice command 
recognition:

2. Audio and Visual Feature Extraction 

2.1. Audio Feature Extraction 
Extraction of audio features is relatively well-solved task in 
automatic audio speech recognition research area at present 
therefore standard methods were used in this work too. The 
audio signal was pre-processed and it was divided into 33.3 
ms frames without overlap. 33.3 ms frame was selected 
because visual stream was sampled at 30 frames (video 
images) per second (fps) and we wanted to have the same 
time length of audio and visual frame because of next audio-
visual feature fusion.

13 Mel-Frequency Cepstral Coefficients (MFCCs) were 
selected as audio features and delta (dynamic) and delta-delta 
(acceleration) features were calculated from these MFCC’s 
features between adjacent frames so 39 audio features were 
used.. 

2.2. Visual Feature Extraction 
It is possible to divide visual features to three groups [5]: 
Appearance-based visual features, shape-based visual features 
or combination of both. It is necessary to find shape of lips in 
video image for extraction of shape visual features and it can 
be a difficult task therefore appearance-based visual features 
are used more often. Appearance-based visual features are 
computed from Region of Interest (ROI) with the help of 
some linear transform like Discrete Cosine Transform (DCT), 
Principal Component Analysis (PCA), Discrete Wavelet 
Transform (DWT) etc. DCT is most popular because of the 
existence of a fast algorithm for computation of this 
transform.  We used shape and DCT visual features in our 
previous work [6] and utilization of DCT features gave to us 
the best results therefore DCT features were used in this work 
too.
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Figure 1: Principle of audio-visual voice command recog. 

A method for extraction of these visual features is 
described below. It is necessary to find ROI for the extraction 
of DCT visual features in the first step: 

2.2.1. Region of Interest 

A region of interest for visual features extraction is a square 
or rectangular area of video image which contains speaker’s 
mouth area. It is a very difficult task to find directly speaker’s 
mouth in a real video image therefore human face is detected 
first and the mouth is located in the bottom part of a detected 
face. We have used a method based on haar-like filters [7] 
together with color image segmentation. Some probable 
regions are located in image by haar-like filters which were 
trained from face or non-face images but some non-face 
objects which have similar structure to human face are 
sometimes selected.  

Therefore color image segmentation is used in the second 
step. All pixels which have similar color to human skin are set 
to value 1 others pixels have value 0. Color image 
segmentation method based on thresholding was used for this 
purpose. Thresholds were set from our “human skin” image 
database. More than 2000 images of a human face are in this 
database where all pixels, which are not from human skin, 
were manually removed from these images. So regions from 
haar-like filters method are selected as human face if at least 
40% of skin-like pixels were found in this region.

An object of mouth is located in the bottom part of face 
by color image segmentation but threshold for this method 
has been set automatically by algorithm based on estimation 
of image histogram [8]. Centre of gravity of mouth object and 
width of mouth is computed next. ROI of dimension of 128 x 
128 pixels is then selected around the centre of gravity so that 
the width of mouth would be 100 pixels therefore the original 
image is resized according to the mouth width. We have only 
one human speaker in our video recordings therefore the task 
of identification who is speaking was not solved in our work. 

2.2.2. DCT Visual Features 

The extraction of DCT visual features is performed by 
discrete cosine transform which is calculated from image of 
ROI. A color ROI image is transformed to gray-level and 
histogram flattening method is applied to this image at first 
and DCT coefficients are calculated from ROI after that. 
Visual features are selected from DCT coefficients according 
to the highest energy, variance, or some other strategies are 
used, e.g. visual features selection is based on mutual

Figure 2: Normalization of DCT visual features. 

information [9]. Visual DCT features selection based on the 
highest energy was used in this work because it is simple, 
fast, and it gives good results [6]. 

DCT visual features are normalized after selection. 
Normalization of DCT visual features is very important 
because the resulting recognition rate is relatively low 
without normalization or it is impossible to train HMMs. Our 
normalization is implemented as follows: Logarithmic 
calculation of DCT visual features is used in the first step and 
Feature Mean Subtraction (FMS) is applied on visual feature 
vectors in the second step, see fig. 2. Delta and delta-delta 
features are computed from static DCT visual features by 
causal difference yf(i, j) = xf(i, j) – xf(i – 1, j), where yf is delta 
(or delta-delta) feature, xf is static (or delta) feature, i is index 
of frame and j is index of feature in feature vector of a single 
frame.    

3. Audio-Visual Integration 
Several different methods and algorithms have been proposed 
for audio-visual speech data fusion, like direct integration, 
separate integration, motor recoding fusion, dominant 
recoding fusion, etc. [5]. We have used HTK toolkit [10] for 
recognition of isolated words by HMM technique so we 
wanted to try the possibility of feature fusion where two-
stream HMMs are trained from audio and visual features. 
Audio feature vector was used for the first stream and visual 
feature vector for the second stream. The output HMM state 
probability bs of two-stream HMM is the following: 
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Where x�  is feature vector (audio or visual), P is number of 

features,  sx
�

 is feature mean vector, s�  is covariance 
matrix, M is number of mixture components in one state, csm
is the weight of mixture component, T is number of streams 
(T = 2 in our case) and �t is a stream weight coefficient. 

4. Signal to Noise Ratio Estimation 
Signal to Noise Ratio (SNR) was necessary to estimate in our 
audio speech signals before experiments. SNR is calculated 
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from power of signal Ps and from power of noise Pn (which is 
added to signal). 
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where N is the number of samples from signal, s[i] are 
samples from “clear” signal (without noise), n[i] are samples 
from noise signal which is included in original audio signal x.

Our hypothesis was that noise n is additive noise therefore 
x[i] = s[i] + n[i]. Ps was estimated from the power of audio 
signal Px and from Pn which was computed from non-speech 
part of audio signal  - speech or non-speech detector was used 
for this purpose. 
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A problem is that SNR (2) is computed from all speech signal 
and dynamic changes of speech signal are not covered much 
[11] therefore segmental signal to noise ratio SSNR gives us a 
better result: 
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where F is the number of frames from speech signal and M is 
the length of one frame in samples. SSNR from audio signals 
from our video database was about 21dB (SNR was about 
29dB), M was set to 267 samples (33ms for 8kHz signal). 

5. Noise Addition to Speech Signal 
Creation of a database of audio recordings with given SNR 
would be very difficult therefore noise is added artificially to 
audio signal in tasks of audio or audio-visual speech 
recognition in noise conditions. An algorithm for noise 
addition to speech signal was developed for our next 
experiments. Additive noise signals (babble, destroyer 
engine1, factory1, Volvo, pink and white noise) were used 
from the NOISEX database [12]. The algorithm was the 
following: SSNR (SSNRe) was estimated from each audio 
signal and noise signal was added according to given relative 
change of SSNR (�SSNR).

SSNRSSNRSSNR ew ���                                           (5) 

where SNRw is new value of SSNR in audio signal: 
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Pan is power of additive noise and c is gain coefficient: 
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Resulting audio signal xn[i] is created from original signal x[i] 
and from additive noise an[i]: 

Nicianixixn ���� 0,].[][][                                (8) 

6. Experiments
Our own audio-visual database was created for our 
experiments where 35 speakers narrated 20 words – voice 

commands for controlling of different home electric devices. 
Human speakers were camera-scanned from the front by 
simple web-camera. Parameters of video recordings from this 
database are the following: Audio sample frequency is 8kHz 
(one sample 16bit.). Video frame rate is 30fps and size of a 
single video image is 640 x 460 pixels.

Audio and visual speech signal from video recordings was 
processed and parameterized and whole-word two-stream 
HMMs were trained from parameterized signals from 25 
speakers. Video recordings from additional 5 speakers were 
used in research for finding of the weights for two-stream 
HMMs, and video recordings from these last 5 speakers were 
used for voice command recognition in simulated noisy 
conditions. 39 audio features (13 MFCC + delta + delta-delta) 
and 15 visual features (5 DCT + delta + delta-delta) were 
extracted from audio and visual signals. 5 DCT visual 
features were selected because the best results were obtained 
with this number of features in our previous experiments [6] 
of audio-visual isolated words recognition and the audio-
visual database from this work was created in similar 
conditions to the previous ones. Two-stream HMMs had 14 
states and 1 mixture – it would be necessary to have larger 
database for more mixtures. SSNR from audio signals from 
our database has been counted about 21dB.

The weights for audio and visual stream were found in the 
first experiment. Additive noise was added to audio signal 
from the test part of our database, the weights for audio and 
visual stream in HMMs were changed from 0 to 3 with step 
0.1 and the weights for given SSNR were chosen according to 
the best recognition rate.

Figure 3: Recognition rate from audio-visual speech 
recognition for different audio and visual stream 
weights, where white noise was added (SSNR 14 dB). 

SSNR in audio signals was changed from 21dB to -4dB 
and the babble, destroyer engine1, factory1, Volvo (car), pink 
and white noises were used as additive noises. The results 
with destroyer engine1, factory1, and pink noises were 
relatively similar to the result with babble noise therefore 
only the results with babble, Volvo and white noises are 
presented in table no. 1. and in fig. 4-6.

Experiments with audio speech signal recognition only 
(AASR) and video speech signal recognition only (VASR) 
were made after that. One-stream HMMs were trained from 
either audio or video features and the recognition rate for 
VASR has been 79% and 99% for AASR (SSNR 21dB).

Trained two-stream HMMs with the weights for given 
SSNR from the first experiment were used for voice 
command recognition in simulated noisy conditions in the last 
experiment where 20 words from the last 5 speakers from our 
audio-visual database were recognized, see table no. 1. 
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7. Discussion and Summary 
An addition of white noise to audio signal had largest 
influence on rapid decline of recognition rate. On the other 
hand recognition rate from audio or audio-visual voice 
command recognition was relatively high for low SSNR if car 
noise was added to audio signal. It is very interesting because 
the same algorithm was used for addition of both noise types. 
Second interesting result was that recognition rate (67%) from 
audio-visual speech recognition experiments should be lower 
than result from visual speech recognition only (79%) if the 
weight of audio stream is 0. Resulting recognition rate was  
expected 79%. Therefore next experiment were done where 
two-stream HMM were trained with audio weight = 0 and 
visual weight was changed from 0.1 to 10 with step of 0.1.  
The best result from this experiment was 69% for visual 
weight = 4.5 but it isn’t still 79%. 

Table 1. Resulting recognition rate [%] for audio 
only (AO) and audio-visual (AV) voice command 

recognition depending on different noise types, SSNR 
and audio (AW) and visual (VW) weights in AV.  

Noise Type 
White Noise Babble Noise Car Noise SNR

[dB]
AO AV AW VW AO AV AW VW AO AV AW VW

21 99 99 - - 99 99 - - 99 99 - - 
20 98 100 3 2 95 99 1,7 2,9 96 100 1,9 2,9
19 98 100 3 2,9 93 99 1,6 2,8 96 100 1,9 2,9
18 92 99 3 1,9 91 99 1,6 3 96 100 2 3 
17 89 98 0,6 2,7 90 98 1,6 3 96 100 1,9 3 
16 75 97 0,8 2,9 90 98 1,5 2,9 96 100 1,8 3 
15 51 94 0,4 2,9 89 98 0,7 2,5 96 100 1,8 3 
14 31 92 0,2 2,6 84 97 0,6 1,8 95 99 1,8 3 
13 22 88 0,2 2,6 80 95 0,5 2,1 95 99 1,7 3 
12 16 80 0,1 2,5 77 94 0,4 3 89 99 0,5 2,9
11 10 76 0,1 2,5 71 94 0,3 2,9 88 99 0,5 3 
10 10 74 0,1 2,9 62 93 0,2 2,1 88 98 1,1 2,8
9 9 70 0,1 3 53 91 0,3 2,9 88 98 0,7 3 
8 6 67 0 2,1 42 88 0,4 2,9 86 98 0,5 2,9
7 5 67 0 2,1 37 85 0,2 2,6 84 96 0,8 2,9
6 5 67 0 2,1 30 83 0,2 2,6 80 95 0,8 2,9
5 5 67 0 2,1 19 79 0,2 3 78 95 0,2 1,7
4 5 67 0 2,1 10 78 0,1 2,6 75 94 0,4 2,3
3 5 67 0 2,1 9 76 0,1 2,7 75 93 0,2 2,1
2 5 67 0 2,1 7 72 0,1 3 72 92 0,3 2,9
1 5 67 0 2,1 7 68 0,1 3 63 91 0,2 2,6
0 5 67 0 2,1 6 67 0 2,1 56 91 0,1 1,7
-1 5 67 0 2,1 5 67 0 2,1 45 90 0,1 1,6
-2 5 67 0 2,1 5 67 0 2,1 33 89 0,2 2,7
-3 5 67 0 2,1 6 67 0 2,1 28 86 0,2 2,8
-4 5 67 0 2,1 5 67 0 2,1 22 85 0,1 1,7

Maybe, some special adjustments of HTK recognition or 
trained algorithms were created for faster calculation  
therefore it isn’t possible to get same result for visual and 
audio-visual (audio weight = 0) speech recognition. It is 
evident that audio weights (fig. 7) are different for different 
noise types for same SSNR but the noise in the SmartRoom 
should be very similar as babble noise and results from 
factory and destroyer engine were very similar as results with 
babble noise. Therefore HMMs trained with weights from 
babble noise experiment were used in our work where audio-
visual voice command recognition with small vocabulary is 
used as a special module in our system MyVoice [2]. 

Figure 4: Recognition rate from audio, visual, audio-
visual (audio and visual weight = 1) and audio-visual 
(with different weights) speech recognition for 
different SSNR and for car noise. 

Figure 5: Recognition rate from audio, visual, audio-
visual (audio and visual weight = 1) and audio-visual 
(with different weights) speech recognition for 
different SSNR and for white noise. 

Figure 6: Recognition rate from audio, visual, audio-
visual (audio and visual weight = 1) and audio-visual 
(with different weights) speech recognition for 
different SSNR and for babble noise. 
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Figure 7: Selected audio weights for AV ASR in 
different noisy conditions. 

Human speaker is camera scanned, SSNR is evaluated from 
audio signal and applicable two-stream HMMs are selected 
according to SSNR. Parameterization of one second of audio-
visual speech signal takes about 1.5 second (PC 3.4GHz) 
therefore it is possible to use our audio-visual voice command 
recognizer in real conditions. Utilization of two-stream 
HMMs is possible only for small vocabulary because we need 
several HMMs  for single word (for different SSNR). 
Therefore it is better to use some another audio-visual fusion 
method for audio-visual speech recognition with large 
vocabulary. Experiments with car noise was developed 
because we have wanted to know what influence has a car 
noise on audio-visual speech recognition and the results will 
be used in our next work.
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