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ABSTRACT

A statistical analysis using the univariate, mattibrial analysis
of variance (ANOVA) is used in this paper to inwgate the
impact of selected noise characteristics (herdactrial design:
amplitude, complexity, harmony and fundamental desecy) to
speech signals and consecutively to the detec@ofonance in
speaker recognition systems (exemplarily used hefe
BioSecure reference system ALIZE) in automotive liapfion
scenarios. An application scenario specific setaée signals is
recorded and generated and used to evaluate theriné of the
noise characteristics. The results show that ealbecithe
amplitude and the fundamental frequency show aifgignt

impact p-values< 0.01), which is completely independent of the

features used in the speaker recognition systera. tio other
characteristics (complexity and harmony) show muelss
significant impactsg-values>0.5).

Index Terms— automotive systems, speaker recognition, noise

characteristics, statistical analysis

Copyright held by author(s), AutomotiveUl'l1, Nouesn 29-
December 2, 2011, Salzburg, Austria

1. INTRODUCTION

Speaker and speech recognition systems in autoenapiglication
scenarios are a current trend to increase the litgahi human-
machine interaction for this application scenatimnitations are
imposed to the applicability of such speaker ancesp
recognition systems by the strength and the dyramicthe
automotive noise environment. Influences of intrdiidual
speech modulation and inter-individual differencg®uld not
influence the accuracy of speaker recognition sitteey are
designed resilient to individual variances.

To investigate selected characteristics of thise@nvironment
(amplitude, complexity, harmony and fundamentadj@iency) and
their impact, in this paper a first approach based 4-factorial
design and analysis of variance (ANOVA,; [1]) is ggated.

The introduced methodology allows an objective gtigation of
the relationship between the noise characterisacsl the
performance of these different noise
operationalized and observed by the biometric niatckcore of
an exemplarily chosen speaker recognition systesne(ALIZE

[4))-

Regarding the results, our investigations, usinghi test setup
multiple speech samples from 10 speakers as welBatypical

automotive noise signals (like an accelerating megihe sound of
a wiper, etc.) and three synthetic noise signaiswsstrong effects
for the noise amplitude and the fundamental frequelVeaker

charactesistic



effects (not statistical significant) are obserf@dcomplexity and
harmony. The investigation of the “Lombard effeatls not part
of the main focus. Nevertheless this effect shgldonsidered in
further studies (see section 5 of this paper). Paactical

applications, these results give a first indicafionrequired filter

designs for required audio signal pre-processingutomotive
speaker recognition scenarios.

The paper is structured as follows: section 2 ohices our
methodology, investigation concept and design. @&hes
descriptions are followed by the investigation tessin section 3
and finally, a summary and conclusion in section 4.

2. INVESTIGATION METHODOLOGY,
CONCEPT AND DESIGN

This section introduces the basic methodology fdre t
investigations performed within this paper, derieegvaluation

concept form the presented methodology and outhrtest design
and operationalization.

2.1. Methodology

The methodology applied here, for investigating impact of
noise characteristics on the noises masking pedoca in
automotive speaker recognition scenarios, is é8tal analysis
using the univariate, multifactorial analysis ofiaace (ANOVA;

[1]) method. The input for this variance analysishe matching
score of a biometric speaker verification system complete
noiseless and noisy signals. As long as the chagmraker
verification system is kept constant and shows ifiagmt

performance (i.e. a n accuracy better than the ghitity of

guessing correctly), this variance testing with fediéntly

parameterized noise characteristics will tell whiofluence the
considered noise characteristics have on the sigteeby it is
assumed that those noise characteristics, whichadditively

modelled onto the speech signals, would be ableotopletely
alter the decision of any speaker verification eystsince a too
strong parameterization of the noise completelylamgs the
original distribution of the features computed frospeech
samples by the speaker verification system with tiwse
influence. Furthermore it is assumed here that calbe in the

considered automotive context the noise influersserange from
zero to complete masking/cancelation of the spesgghal to be
used for the speaker verification.

In summary, our methodology allows an investigatimhthe
relationship  between the independent variables sénoi
characteristics) and dependent variables (maskenfppnance of
these different noise characteristics operatioadliand observed
by the matching score of a speaker recognitionegyst here:
ALIZE [4]).

2.2. Test concept

The test concept for this paper has to considerddferent parts.
The first one is the used speaker recognition systiee second is
the used noise model (including the used charatiesiof noise
signals), the third is the concept for the testemak generation
and the fourth is the method applied for the dfatisanalysis.

As an exemplangpeaker verification system we use the open
source software platform “ALIZE”, developed by thaboratoire
Informatique d’Avignon ([4], [5]). It is applied t&®WAV-format
audio files (44.1kHz, 16 Bit).

The feature extractor component of ALIZE, whichragts 16
Mel Frequency Cepstral Coefficients (MFCC), 16 tfierder
derivatives of the MFCCs, the energy and the deitargy, is
based on the the filter-bank based cepstral asalysary sfbcep
from SPro [2].

This biometric speaker recognition system fulfilke t two

requirements imposed by the methodology descrilisalea in

section 2.1: on one hand it performs with significeesults (as
shown e.qg. in [5] or [6]) and on the other handaih be used with
a fixed parameter setting (here the default seftinghe extractor:
analysis frame length = 20ms, interval between tensecutive
frames = 10ms, weighting window = Hamming, Mel fregcy

warping = on, add log-energy to the feature veetoon, pre-

emphasis coefficient = 0, lower frequency bound0f 8z and
upper frequency bound = 8000 Hz). Neverthelessag to be
mentioned again here that the actual performancéh®fused
biometric system is of no direct concern for théraduced

statistical analysis on the noise characteristifsiénce, as long
as these two requirements are fulfilled and notiigifilters for

the speech signals are applied.

For the automotive context considered here an iadditoise
model appears to be the most suitable approach. Inasirio its
alternatives (multiplicative and context sensithase modelling)
it allows for a simple handling of the most sigcéfint noise
component in automotive scenarios, which is theegugsition of
the users speech commands with environmental norserefore
the noise model used here is described in equdfiprwith S
being the speakers commanbisheing the noise anf’ being the
result of the superposition of both.

S=S+N 1)

The noise componem is in this paper modelled as the product
between the moderating amplitudeand the output of a noise
generator function parameterized using the threeiablas
complexityc, harmonyh and fundamental frequenby

N = AlGenNoiséc, h,b) @
The variable#\ c, handb are the noise characteristics considered
within this paper. These exemplary selected, physic
characteristics of noise signals the following four are chosen and
operationalized as follows:

e Amplitude A: The amplitude of an audio signal is
correlated to its perceived volume. Therefore, the
amplitude of a noise signal can be expected asjarma
influence factor on speaker recognition. Its effemtld
be considered as being equivalent to the loudngss o
noise disturbing a human conversation.

« Complexity c: The complexity of a composed sound
signal correlates to the number of distinct, refgva
frequencies (that can e.g. be determined by an FFT
transformation followed by a threshold filtering).
Different potential approaches to determine the
complexity of a sound signal have been analysed in
preliminary tests. These approaches included coginti
the number of distinct frequencies after a Fourier
transformation as well as determining achievabl&a da
compression rates. However, these approaches did no
yield satisfying results, i.e. they did not lead #o
sufficiently discriminating distribution. Finallytwo
complexity classes are defined here by the distinaif



recorded, natural sounds with high complexitg) (and
synthetic tones (as sinus-formed signals) with low
complexity (c).

Harmony h: A sound signal is harmonic, if it has a
constant cycle period and amplitude. Typically, idak

2.3. Test design and oper ationalization

As mentioned above in the evaluation conceptes-set of
automotive relevant speaker commands are recomtedcually
numbered adult male and female speakers (heresfigakers per
gender). These voice commands consist of the phpéssse start

noise is disharmonic — but it may contain harmonic the engine” spoken five times by each person ad althe
sequences (i.e. fragments with constant period and spoken numbers from “1” to “10". In Table 1 the dse

amplitude). To classify a noise signal with respiect
harmony, the harmonic sequences within a certaie ti
interval have been determined. The length of the

parameterizationsfor the noise characteristics are summarised.

Table 1: Noise characteristics parameterizations

harmonic sequences is put into relation to thel tota| Char. Evaluated values
length of the sample to build a total harmony meaku i
for each sample, using the following formula: go't$e/5P990h— (0/1) and (0,3/1) and (0,66/1) and (1/1)
atio
h= time(harmonic__sequencep (Amplitude)
time(total) 3 c Natural sounds with high complexithd) and
®) synthetic tones (as sinus-formed signals) with
«  Fundamental frequency b: describes the lowest low complexity (c) — a closer description gf
significant frequency in a complex, harmonic signal the used instantiations of the two complexity
The determined harmony properties of the samples ar classes is found in Table 2.
addltlon_a!ly usehd tofdenve thelrl fuPdamentaI fm?my. . h A two-level classification is chosen (i.e.: rather
Determlnl_ng the ur_ldamenta requency of noise harmonic kh) / disharmonic Ih) samples)
samples is only possﬂ_ale on fragments which arseclo based on a threshold of 20% for
to harmonic. It can yield to varying results notlyon
between different harmonic fragments but also withi | b The threshold to distinguish between the two
each single one. As a simple measure to addresghki defined classes highif) and low (b)) is set
average fundamental frequency over all harmonid here to 700 Hz.
sequences is calculated. In addition, the average
frequency is used as a reference (assuming ierttiihl ) ) ] ]
or related to the fundamental frequency). Again a As output of the noise model_llng_ functloﬁe_nNms(a) (s_ee
classification into two classes (hightj and low (b)) is equation (2)) 16 different, application scena_rldevent noise
performed based on a threshold for the fundamental S@mples are modelled (see Table 2). The majorgfattese test
frequency. samples is taken from a free online library [7].eyhcontain
recordings of driving and braking, rain and windaasl sounds of
For test material generation, as a basis for the corresponding a tram, a redirector and a rain wiper, as welltase synthetic
investigations a context relevant test setup usegually sounds.
numbered adult male and female speakers speakitognative .
relevant voice commands has to be generated. Fonthe the Table2: Modelled noise samples
introdgced qoise chargcteristios, c, b and h _have to be ID [Description ID [Description
investigated in automotive-relevant ranges. To tifiethe effect
of these characteristics (independent variables)then speaker 1 |Brake and Roll 9| Wind1
recognition performance (depend variable), the gepe noise - -
signals are superimposed as described in equatjdnto a setof |2 |Drive through 1 10| Wind 2
reference voice samples and a cross comparisonthétispeaker (37 [Drive through 2 11| Oil pan vibration (dampéd)
recognition accuracy is performed. Considering fhessible
operationalizations of the ANOVA approach, we usefull 4 |Rain 12 | Oil pan vibr. (not dampeg)
factorial design to compute the effects for eactctdia —
- . 5 |Rainwiper 13| Tram turn
(independent variable).
For the statistical analysis we compute descriptive statistics |6 ?edlrector & Acceleratio 14 [{440 Hz Sine
(means and two sided confidence intervals) and rénfse
statistics tests. Based on the results from thevauiaite, Redirector & Acceleratio ]
multifactorial variance-analyses (ANOVA) effect are [P 15 |880 Hz Sine
computed. An effect size is a measure of the strewng the _ _
relationship between two variables in a statistulation. We  |g  |Redirector & Acceleratio;« 11354 1y, sine
used “Cohen’dl” as it is defined in [3] as the difference between 3

two means divided by the standard deviation for thega.
Furthermore we use the standard metfi¢grom F-Test)p (or p-
value, as lower the better indicator for the siigaifice level) and
the statistical power as they are defined in [1]. For the
computation of these metrics SPSS [8] v.18 is used.

The normalization of all sounds to a common lesgngpling
rates (44.1 kHz), amplitudes (89db) and the asségrof each
noise signal from the test set to distinct classed. the noise
characteristics is performed using the tools Auglai©]) and
Praat ([10]). In



Table 3 the noise samples are classified with respecthér t
corresponding noise characteristics.

Table 3: Noise sample classification w.r.t. the noise

characteristics

saqple

char. o|ld|a|m|<|w|©
A NN SOOIV |[A|A|A|A|A|A|H

c hclhchc|hclhclhclhelhelhehelle fic |hefic fic ic

h hhilh Ih {lh |hhlhhih hhilh b hhjhhjhhihhighich

b Ib (hblhblhblhbllb b Ib [hbllb [Ib [Ib |hblb [hblhb

We further classify the 16 noise samples into @gaties using
equipartition (limiting the number of samples ircategory and
exclude redundant samples). We could not find auyds for the
“low complexity / low harmony” categories. Probabthese two
properties can be expected to be mutually exclusiable 4
presents the output of this equipartition as tmalfitest-design
matrix.

Table 4: Test-design matrix

b <700Hz b>700Hz
h < 20% . .. 1no samples
(low) no samples identified identified
Lowe h > 20% | Category 1 Category 2
(g | sounds: 11;12; 14 | Sounds: 15; 16
h < 20% | Category 3 Category 4
(low) Sounds: 7; 10 Sounds: 2; 3
Highc
h > 20% | Category 5 Category 6
(high)
Sounds: 1; 8 Sounds: 5; 13

This test design yields a 4-factorial design foe tihtroduced
methodology and design. The four dimensions (hbee roise
characteristics) have been chosen because theyeleneant in
common automotive use-cases, where they are expecteave
an influence on the performance of a speaker retogrsystem.
However, due to run-time complexity reasons in toatext of
this work, further potentially suitable dimensiof@sg. frequency
priority or frequency spectrum) could not be ina@ddand remain
subject for future work.

3. TEST RESULTS

As introduced in section 2.1 we perform here an AMO
variance analysis to test the influence of ampéitucomplexity,
harmony and fundamental frequency on the averagehing
score of the exemplarily chosen speaker recognitystem.

For the amplitude we see a significant effdetX765, p=0.000,

statistical power1.0). A clear, nearly linear influence of this

noise characteristic is recognisable: the loudemtbise signal, the
worse the resulting matching scores. Unfortunatilg, analyses
of the influence of the complexity (Fig. 1) and harmoni (Fig.

2) do not lead to such clear results. Noise samgkssified as

complex bc) can simultaneously be found with comparatively

high and low impact on the resulting matching ssofithe effect
of ¢ on the matching score is not significapt@.5). The same is

true for the harmony characteristitcs The mean matching score
is the average of the matching scores from thedesamples (e.g.
related to a specific factor).
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Fig. 3: Influence of the fundamental freq. b on speaker rec.

Finally, the evaluation of the influence of the damental
frequencyb (see Fig. 3) shows the following effect on matghin
scores: Noise signals with a relatively low (Ib) have less
influence on the matching score than signals whiehclassified
hb. The mean degradation of matching scores causedolse
signals with a higher fundamental frequeniol) (is with (p<0.01)
reasonably significant. For each pair-wise comparisof



categories (see table 4) and noise characteristieseffect sizes
are computed. The following comparisons show thegelst
effects: Amplitude (0,3/1 vs. 1/1) witti= 0.834, Category 3 vs.
Category 6 withd= 0.778 and Category 4 vs. Category 5 with
0.772.

Summarising the pair-wise comparisons we can satyttiey are
pointing out an interactive effect between harmoand
fundamental frequency. If higher fundamental frewies and
lower harmonies appear together in a noise, thsgltein a high
reduction of the matching score.

4. SUMMARY

Concluding the work done in this paper, the ressita first
approach based on a 4-factorial design
approximation of the influences of selected noisaracteristics
on speaker recognition. We see different levelsnéiience in

respect to the tested noise characteristics. Thagtst effects are
observed for the noise amplitude and its fundanhdreguency.

Weaker effects (not statistical significant) areseived for

complexity and harmony.

For a practice-oriented application scenario like speaker
recognition system in automotive systems the resutiply the
following: the noise amplitude and its fundamenti@quency
have a strong influence on relevant audio contentsiich
environments. This influence is completely indepsridof the
features used in the speaker recognition system #sd
significance is documented by the computed effieess

Active noise cancellation techniques, like actiwése control or
active noise reduction, would have no positiveuefice in the
application scenario since the cancellation woudw aistort the
spoken content. An approach that could includeresults would
be the intended use of FFT-transformations, sepgragine-
frequencies by detecting typical noise frequendyepas and
frequency changes in comparison to the FFT pattefshe
speakers voice and of course a specific soundatienl by car
design. For practical applications, these resultgee ga first
indication for required filter designs for requiraddio signal pre-
processing in automotive speaker recognition séenar

5. OUTLOOK

With respect to the small sample group we founthtissic power
above 90%. From theoretical statistics point of viehis is
enough. Nevertheless, to generalize the resulizecedly for
multiple languages and speech-frequency-rangesdifier more
than 1 SD (standard deviation) from standard nowfistibution
the sample group should be increased in furtheliestu

The investigation of the “Lombard effect” was narpof the
main focus. Natural sounds were investigated — dadyed from
that, the impact on speaker recognition accuracy eamputed
using an exemplary speaker recognition system.réberding of
the speech samples was realized in an absoluteigt qu
environment (a soundproof anechoic chamber), so_tmebard
effect did not took place in our design. We furthermalized all
speech samples to the same amplitude level. If ealdwnot do
that, the effects we measured would have needee tmrrected.
With respect to this aspect, we plan further swidigsing a
structural equation model, sorting out the covarésnto compute
the causal connection between the factors and dghegnition
performance.

to achieve a

Beside vehicles, our findings could also be appliedother
domains as, for example, noisy production enviramseAs well
as in cars, authentication processes, interactiocegses or safety
processes could be realized hands-free. Therefoneilli be
extremely necessary to design those systems inbastravay,
which means regarding the environmental typicake®i inter-
and intra-individual variance.
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