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Abstract 
This article describes the two systems which we submitted for 
the Intoxication Sub-Challenge of INTERSPEECH 2011 
Speaker State Challenge.  At first, we developed an Extended 
Baseline System with a significant improvement of the 
unweighted accuracy compared to the Official Baseline 
System (OBS) on the development set.  Then, we investigated 
the phonetic variations of speech under alcoholisation and 
developed gender-dependent Phoneme-based SVM classifiers.  
For this purpose, we selected the most relevant phonemes and 
investigated the combination of six Phoneme-based SVM 
classifiers (MP).  Its results in accuracy are slightly below the 
OBS results.  Finally, the combination of the two systems is 
presented. 

Index Terms: Speaker’s alcohol intoxication detection, 
Phoneme-based classifiers, Classifiers combination 

1. Introduction 
The Intoxication Sub-Challenge of INTERSPEECH 2011 
Speaker State Challenge [1] aims at detecting the 
alcoholisation state of speakers [2-4].  The alcoholisation is 
related to Blood Alcohol Concentration (BAC) ranging 
between 0.28 and 1.75 per mill.  The detection task is 
restricted to a two-class classification problem: a speaker’s 
state is deemed Alcoholised (AL) for BAC superior to 0.5 and 
Non Alcoholised (NAL) for BAC inferior or equal to 0.5.  
 In speech recognition, it is widely accepted that speech 
parametrization consists in computing parameters from 
asynchronous short time analysis.  Therefore, a speech 
utterance is a sequence of observation vectors.  Generally, 
observation vectors are constituted with parameters from a 
single model in spectral or temporal domains.  For instance, 
MFCCs, LPCCs, LPCs, Rasta-PLPs, auditory spectrum are 
common spectral parameters whereas pitch, jitter, shimmer are 
common prosodic parameters. Since 2009, the INTERSPEECH 
Challenges [5-6] have brought a new paradigm for speech 
parametrization with openSMILE audio parametrization [7].  
This representation contrasts with the usual one: whatever its 
duration, a speech utterance is represented by a large set of 
features also called audio feature set.  Audio representation in 
openSMILE reaches 6,552 features with emo_large reference 
set [8].  The feature set is based on a few usual energy-based, 
prosodic and spectral Low Level Descriptors (LLD) well-
known in speech recognition.  Various statistical functionals 
are computed on these LLD: some of them aim at estimating 
the spatial variability (mean, standard deviation, quartiles 1-3, 
...) other the temporal variability (peaks, peak distances, linear 
regression slope, ...).  These new features are added to the 
LLD.  In the INTERSPEECH 2011 challenge, the official 
audio feature set consists of 4,368 features.  Tools of data-

mining [9] are well-suited for this approach for the problem of 
data classification in a high multidimensional space.   
 We needed to address the classification problem, knowing 
that the result of the Baseline System (OBS) reported in the 
challenge is highly competitive: 65.3% in unweighted 
accuracy, the official measure for the challenge.  OBS is an 
audio feature-based classifier taking into advantage rich and 
global information.  Our proposal aimed at investigating 
whether analytic information is complementary to an audio 
feature-based classifier. We hypothesized that alcohol 
intoxication induces changes in speech production, for 
example the phonemes are differently affected because they 
are dependent of the various articulators involved in their 
phonation.  Some stressors such as alcohol are likely to 
influence articulators which explain the intra-speaker or inter-
speakers variability [10].  For these reasons, we chose to 
investigate a combination of an audio feature-based classifier 
such as OBS (described in the challenge) with multiple 
gender-dependent phoneme-based classifiers. Another 
guideline was followed for the choice of data representation 
and the design of the classifiers: any level of information used 
in classification has its own relevance for the task of detection; 
complementary information may improve the performance of 
the detection. 
 The paper is organized as follows.  In section 2, we 
present the results of an extended baseline system with a 
selection of features.  In section 3, we describe the phoneme-
based classifiers and present the results according to the 
phonetic classes.  In section 4, we present the combination of 
classifiers and the results of meta-classifiers combining 
phoneme-based classifiers and an audio feature-based 
classifier.  Section 6 is the conclusion of the study.   

2. Selected attributes baseline system 
First, we developed a Baseline System (BS) from the 
description of the challenge baselines in INTERSPEECH 
Speaker State challenge. For its development, we used the 
WEKA data mining tool kit for classification [11].  Following 
the baselines, the classifier was based on -utterance 
representation by the official set of features (4,368 features), 
-Support Vector Machines (SVM) with linear Kernel, 
-Sequential Minimal Optimization (SMO) for learning, -linear 
Kernel function and -Synthetic Minority Over-sampling 
Technique (SMOTE) to balance the instances of the two 
speech classes AL and NAL.  
 Then we developed a Selected Attributes Baseline System 
(SA-BS) from experiments on a selection of features.

2.1. Selection of features 
We investigated the influence of the features on the 
performance of the classifier on the development set.  Two 
algorithms of features selection, implemented in WEKA, were 
used successively to select a subset of features from the 
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official set: the Subset Size Forward Selection [12] and the 
Best First algorithms.  The criterion for choosing a subset is 
the maximization of Unweighted Accuracy (UA) on the 
development set (DEVEL).   
 Table 1 gives the list of the 30 features which are selected 
by the selection algorithms with their number in the official 
feature set of the challenge.  Most of the selected features are 
spectral, only the last three features are related to prosody.   

Table 1:  Features selected by selection algorithms 
with their number in the baseline system 

255 pcm_RMSenergy_sma_de_lpgain 
326 audSpec_Rfilt_sma[0]_upleveltime90 
758 audSpec_Rfilt_sma[12]_peakDistStddev 
1072 audSpec_Rfilt_sma[20]_lpc2 
1212 audSpec_Rfilt_sma[24]_centroid 
1233 audSpec_Rfilt_sma[25]_stddev 
1555 pcm_Mag_spectralEntropy_sma_lpc4 
1564 pcm_Mag_spectralVariance_sma_pctlrange0-1 
1693 pcm_Mag_spectralSlope_sma_centroid 
1711 mfcc_sma[1]_percentile99.0 
1730 mfcc_sma[1]_centroid 
1816 mfcc_sma[4]_quartile2 
1935 mfcc_sma[7]_amean 
1952 mfcc_sma[7]_centroid 
1964 mfcc_sma[8]_quartile2 
2000 mfcc_sma[9]_quartile1 
2028 mfcc_sma[9]_upleveltime90 
2098 mfcc_sma[11]_qregc2 
2422 audSpec_Rfilt_sma_de[7]_peakMeanMeanDist 
2541 audSpec_Rfilt_sma_de[10]_qregc1 
2659 audSpec_Rfilt_sma_de[13]_falltime 
2840 audSpec_Rfilt_sma_de[18]_centroid 
2978 audSpec_Rfilt_sma_de[22]_peakDistStddev 
3105 audSpec_Rfilt_sma_de[25]_lpc0 
3370 pcm_Mag_spectralEntropy_sma_de_quartile2 
3839 mfcc_sma_de[8]_centroid 
3925 mfcc_sma_de[11]_quartile2 
4120 jitterDDP_sma_meanPeakDist 
4199 F0final_sma_de_qregc2 
4239 voicingFinalUnclipped_sma_de_upleveltime90 

 Table 2 gives the results in terms of Unweighted Accuracy 
(UA) and Weighted Accuracy (WA) on the development set 
(DEVEL) for the Official Baseline System of the Challenge 
(OBS), the Baseline System (BS) and the Selected Attribute 
Baseline System (SA-BS) using the selection of features.  The 
official baseline results of Intoxication Sub-Challenge in 
unweighted and weighted accuracy were exceeded.   

Table 2:  Results in accuracy (%UA and %WA) on 
DEVEL, for OBS, BS and SA-BS systems  

Accuracy % UA % WA 
OBS 65.3 69.2 
BS 63.0 68.0 
SA-BS 69.6 72.8 

2.2. Gender detection 
We developed a gender detection system for our submissions 
to the challenge and the evaluation on the official test set 
(TEST) in which information on gender is missing.  A two-
class classifier (Male, Female) was trained as described in §2 
but without SMOTE since both classes are balanced.  We 

tested the same classifier with a selection of attributes as 
described in §2.1.  The selection of attributes gives 16 
features: 12 out of the 16 features are computed from 
spectrum: 10 from auditory spectrum and two from MFCCs.   
 Table 3 gives the UA of the Gender Detection System 
(GDS) and the Selected Attribute GDS system (SA-GDS).  
The classes being balanced, UA and WA are equal. 

Table 3:  Gender detection accuracy (on DEVEL) 
without and with the 16 selected attributes for GDS
and SA-GDS, respectively 

Accuracy % UA 
GDS 99.2 
SA-GDS 99.9 

3. Phoneme-based classifiers 
In this section, we investigate phoneme-based classifiers 
aiming at focusing the classification on selected phonetic 
segments of speech utterance.   
 Phonemes are typically gender-dependent.  We decided to 
train gender-dependent models.  We took into account the high 
performance of SA-GDS and used the partitions into males 
and females of the training and development sets (TRAIN and 
DEVEL) [13] to train the gender-dependent classifiers.   

3.1. Audio parametrization of phonetic segments 
To obtain reasonable computation costs for the experiments on 
the phoneme-based classifiers, we decided to limit the size of 
the feature set representing a phonetic segment.  Taking into 
account the relative steady state of the phonemes, we used all 
the LLD of the challenge features with only four statistic 
functionals (amean, stddev, skewness, kurtosis) computed for 
both prosodic or spectral LLD.  Therefore, the audio 
parametrization of a phonetic segment consists of 236 
parameters (59 x 4): 59 energy and spectral LLD and their four 
functionals.  We used openSMILE toolkit feature extractor for 
parametrization.  In order to keep as many phonemes as 
possible to represent an utterance, we changed the frame size 
from 60 ms to 40 ms to compute the prosodic features.  
Indeed, more than half the phonetic segments have a duration 
inferior to 60 ms.   
 Table 4 gives the occurrence of phonemes/diphthongs in 
percentage on the 477,828 occurrences in the training set of 
the database in German language.  Phonemes are ranked by 
decreasing order of occurrence.  SAMPA (Speech Assessment 
Methods Phonetic Alphabet) [14] is used for the transcription 
of the phonemes. 

Table 4:  Occurrence percentage (Occ) of phonemes 
on the 477,828 occurrences in TRAIN 

Ph. n t s @ a 6 m I l 
% Occ. 9.1 8.5 6.5 4.3 4.3 4.2 3.9 3.7 3.3 
Ph. d E r Q f z aI v k 
% Occ. 3.3 3.2 2.8 2.7 2.7 2.6 2.5 2.5 2.4 
Ph. i: a: e: S C U g p o: 
% Occ. 2.3 2.2 2 1.8 1.8 1.8 1.7 1.3 1.2 
Ph. h O aU x N E: j Y u: 
% Occ. 1.1 1.1 1.1 0.9 0.8 0.8 0.7 0.5 0.5 

3.2. Training of phoneme-based classifiers 
For a given phoneme (Ph), the phoneme-based SVM classifier 
is referred to as Ph-SVM classifier.  A Ph-SVM classifier is 
trained on all the occurrences of the phonetic segments of the 

3206



same Ph label in the training set.  For the most represented 20 
phonetic classes in the training set, the results of the accuracy 
of the Ph-SVM classifier among all the instances of the Ph 
label in the development set are given in Table 5. 

Table 5:  Results in accuracy (%UA and %WA) on 
DEVEL, for Ph-SVM classifiers corresponding to the 
20 phonemes the most represented in TRAIN 

Ph. % UA % WA Ph. % UA % WA 
 m f m f  m f m f 

n 52.5 50.9 55.5 51.5 E 54.1 57.4 56.5 57.6
t 51.9 53.5 53.1 56.6 r 53.9 55.9 55.0 58.2
s 53.1 53.1 55.2 56.3 Q 56.2 53.4 56.9 52.6

@ 53.6 54.2 55.0 54.9 f 52.2 52.2 53.8 52.8
a 57.1 57.2 60.9 58.3 z 51.2 55.1 52.0 57.4
6 56.6 55.9 60.0 57.1 aI 56.1 55.6 60.4 56.8
m 53.5 50.9 56.6 48.8 v 50.6 51.6 52.5 56.0
I 54.5 56.4 57.2 55.4 k 55.5 54.7 56.0 57.1
l 57.0 53.5 58.4 55.4 i: 54.4 55.3 56.4 58.0
d 51.3 52.4 53.1 57.6 a: 56.4 55.6 60.4 57.8

 We analyzed an UA superior to 55% in average for males 
and females, and identified the top-8 Ph-SVM classifiers 
which are the most relevant for the detection of intoxication. 
These classifiers correspond to the following phonemes: /a/, 
/6/, /a:/, /aI/, /E/, /I/, /l/, /k/.  The results are variable according 
to gender.  It is the case of /l/ and /E/ for which the classifiers 
give a difference of 3.5% and -3.3% for males compared to 
females.   
 In order to verify whether it was justified to use gender-
dependent models, a gender-independent /a/-SVM classifier 
was trained.  The result in UA on DEVEL is 55.3% for 
gender-independent model versus 57.1% for males and 57.2% 
for females for gender-dependent models. 

3.3. Feature selection for Ph-SVM classifiers 
Six Ph-SVM classifiers, corresponding to the phonemes /a/, 
/6/, /aI/, /E/, /I/ and /l/, were chosen for the development of a 
combination of Ph-SVM classifiers.  The phonemes /a:/ and 
/k/ were not chosen because of their low number of 
occurrences.  The selection of attributes as described in §2.1, 
was used to improve the performance of the chosen Ph-SVM 
classifiers.  A Selected Attribute Ph-SVM classifier is referred 
to as Ph-classifier.  The results of the accuracy of the six Ph-
classifiers are given in Table 6.   

Table 6:  Results in accuracy (%UA and %WA) on 
DEVEL of /a/- /6/- /aI/- /E/- /I/- and /l/-classifiers 

Ph. % UA % WA Ph. % UA % WA 
 m f m f  m f m f 
a 60.0 58.0 63.2 58.6 E 59.6 59.2 62.8 61.8
6 58.3 59.2 62.6 60.4 I 59.2 56.7 60.5 57.9
aI 61.3 61.9 64.8 64.2 l 58.9 55.8 61.0 59.2

 In average for the chosen phonemes and for both males 
and females, the selection of attributes improves the 
unweighted accuracy of 3.1%. 

3.4. Speech utterance classification  
For a given Ph-classifier, the classification of a speech 
utterance is based on the classification of each instance of the 
same Ph label, occurring in the utterance.  The Alcoholisation 

Probability (Ph-AP) of an utterance is computed as the ratio of 
the instances of Ph labels in the utterance classified AL out of 
the total number of instances of same label in the utterance.  If 
Ph-AP is superior to a given threshold, the utterance is 
classified AL, otherwise NAL. 
 Table 7 gives an example of classifier outputs for the 7th, 
8th and 9th utterances of #73 speaker in session A (under 
alcohol intoxication) in the development set.  This example 
shows the outputs of two phoneme-based classifiers (/a/- and 
/E/-classifiers) and the computation of alcoholisation 
probabilities of an utterance.  In the example below, the 7th

utterance has a single /a/ label, which is the 31st phoneme in 
the sentence.  Each instance has its class (AL or NAL) and its 
predicted class by the /a/-classifier.  The instance is well 
predicted (AL).  The 8th utterance has three instances of /a/ 
label, which are the 9th, 21st and 29th phonemes in the 
utterance.  Two phonemes out of three are well predicted 
(AL).  The 9th utterance has a single /a/ label which is the 37th

phoneme of the utterance.  It’s well predicted (AL) by the /a/-
classifier.  The same applies to the /E/-classifier. 

Table 7:  Extract of /a/- and /E/-classifier outputs 

/a/-SVM classifier
File_id class predicted 
DE_A_073_007a31.wav AL AL 
DE_A_073_008a9.wav AL AL 
DE_A_073_008a21.wav AL NAL 
DE_A_073_008a29.wav AL AL 
DE_A_073_009a37.wav AL AL 

/E/-SVM classifier
File_id class predicted 
DE_A_073_007E9.wav AL AL 
DE_A_073_007E35.wav AL AL 
DE_A_073_007E39.wav AL NAL 
DE_A_073_007E91.wav AL AL 
DE_A_073_009E26.wav AL AL 

 For the example, Table 8 sums up the results in terms of 
alcoholisation probability that were obtained for the three 
following classifiers: SA-BS, /a/- and /E/-classifiers.  For 
SA-BS, the two-class prediction gives 1 when the utterance is 
classified AL, otherwise 0.  It may be noted that there is no 
result for the /E/-classifier as the 8th sentence has no 
occurrence of /E/ label.   

Table 8:  Outputs of the classifiers in terms of 
Alcoholisation Probability (AP) 

File_id SA-BS /a/-cl. /E/-cl. class 
DE_A_073_007 1 1 0.75 AL 
DE_A_073_008 1 0.67 - AL 
DE_A_073_009 0 1 1 AL 

4. Combination of classifiers 
The outputs of individual classifiers are inputs of a single 
classifier [15] also called meta-classifier whose role is to 
combine the classifiers.  Different standard classifiers such as 
neural networks, decision trees, support vector machines, can 
be used as meta-classifiers.  However, it is essential that the 
meta-classifier does not overfit the training data.   
 At first, we combined the six Ph-classifiers as described in 
§3.3 into a single analytic classifier APh-C to evaluate the 
performance of this analytic approach. Then we combined the 
global classifier SA-BS with the six Ph-classifiers to evaluate 
whether global and analytic information is complementary. 
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4.1. Combination of the Ph-classifiers 
The training data of the meta-classifier APh-C consists of the 
outputs of the six individual classifiers (a/-, /6/-, /aI/-, /E/-, 
/I/-, and /l/-classifiers) on the DEVEL set.  Per gender, it 
consists in the 6 x 1980 outputs of the six Ph-classifiers on the 
1,980 utterances of the DEVEL set.  Three meta-classifiers, 
implemented in WEKA, were trained: Neural Network 
(MLP), Support Vector Machines (SMO) and decision trees 
(J48 pruned tree). 
 Table 9 presents the accuracy rates of the three meta-
classifiers, for the meta-classifier APh-C combining the six 
Ph-classifiers.   

Table 9:   UA and WA for APh-C using three meta-
classifiers (Meta-Cl) 

Classifiers Meta-Cl. %UA %WA 
m f m f 

SA-BS - 68.9 71.2 73.7 71.6 

APh-C 
MLP 62.6 63.6 58.9 68.0 
SMO 61.8 65.2 62.5 64.9 
J48 64.2 63.5 60.8 64.1 

 The best result in UA average (63.9%) for males and 
females is obtained by the decision tree meta-classifier J48.  If 
the result is confirmed on the test set we could conclude that a 
result near from OBS can be obtained using only 20% of 
speech signal for the train and the test. 

4.2. Combination of global and analytic classifiers 
For the final experiment, we tested the combination of SA-BS 
and the six Ph-classifiers (GA-C) for the three meta-classifiers 
MLP, SMO and J48 pruned tree.  The results in accuracy rate 
are given in Table 10. 

Table 10:  UA and WA for the combination of SA-BS 
and the six Ph-classifiers using three meta-classifiers 
(Meta-Cl) 

Classifiers Meta-Cl. %UA %WA 
m f m f 

SA-BS - 68.9 71.2 73.7 71.6 

GA-C 
MLP 70.3 71.8 72.8 72.6 
SMO 68.9 71.2 73.7 71.6 
J48 69.4 73.3 73.9 74.8 

 The best result in UA average (71.4%) for males and 
females is again obtained by a decision tree meta-classifier 
J48 for the combination of classifiers.  For females, an UA of 
73.3% is obtained by the combination of SA-BS (UA 71.2%) 
and the six Ph-classifiers (UA 63.5%).  If the result is 
confirmed on the test set, we could conclude that some 
information related to phonemes is complementary to the 
audio feature global approach and useful for the detection. 

5. Conclusion 
In this paper, we have presented two intoxication classification 
systems that were submitted to INTERSPEECH 2011 Speaker 
State Challenge.  The first system (SA-BS) is an extension of 
the Official Baseline System (OBS) using a selection of 
attributes. On the development set, the results of SA-BS 
showed a significant improvement of 4.3% on the unweighted 
accuracy (UA) compared to the OBS accuracy.  The second 
system is a combination of six gender-dependent phoneme-
based classifiers.  On the development set, the best results 

using a decision tree as meta-classifier, showed an UA of 
64.2% for the males and 63.5% for the females, close to the 
OBS results.  Finally, on the development set, a combination 
of these seven classifiers showed a significant improvement of 
2.1% for the females on the UA compared to the SA-BS 
accuracy results.   
 For the Intoxication Sub-Challenge test, 64.5% was the 
best result in UA; it was obtained from BS using 140 principal 
components of the 4,368 features.  No improvement was 
shown in this test with the combination of the classifiers.  For 
the Sleepiness Sub-Challenge test, 69.4% was the best result in 
UA; this result was obtained from the BS system using 90 
principal components of the 4,368 features.   
 Future works could include the development of other 
classification systems using analytical information such as 
syllables, accentual phrases… Other features better suited to 
vocalic speech segments could be used such as LPCs,… The 
evolution of syllables and accentual phrases could also be 
studied with additional statistical functionals such as temporal 
decomposition [16]. Finally, singular values decomposition 
could be used for a better representation of feature set. 
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