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Evaluation of speech enhancement systems with listening experiments is time
consuming and costly.

How do humans solve the cocktail party problem?

What are the consequences of hearing loss with respect to speech recognition?

What is required to compensate for hearing loss?
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Assessment of human speech recognition
speech intelligibility
masking

Speech Intelligibility Prediction (SIP)
general model framework
example models
additional information
non-intrusive SIP

Discussion
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Assessment of human speech
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Measures
speech quality

listening effort
intelligibility
Speech materials

phonemesj)\single words
entences/running speech

Evaluation method
questionnaires
ratings
comparisons
recognition score
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Speech Intelligibility (SI) _ Matrix sentences

Name Verb Number Adjective Noun
arin Peter got three large desks.
a Kathy sees nine small chairs.
Lucy bought five old shoes.
el I - Alan gives eight dark toys.
Intelligibility function _
Rachel sold four thin spoons.
’ Barry likes six green mugs.
........................................................................................... Steven has two cheap ships.
0.9r Thomas kept ten pink rings.
0.8F Hannah wins twelve red tins.
=07F Nina wants some big beds.
B 0.6 A
A ' —— American Eng
EO05F ) 90F ~ - British Eng
5 \ Danish
[¥] ]
o 0.4 . 80
g . | Speech reception g}ﬂ_cfr:
7] 1 . 70f —Finis
0.3 + | threshold (SRT) £ | =~ French
0 2 b = 680r German
. 2 | --~ltalian
0.1F ' £ 01 ——Norwegian
1 1 1 ’ 1 1 '} -§ 40- _——‘po'lish
20 -5 -0 5 0 5 10 15 5 | == nusesn
Speech Level / dB (signal-to-noise ratio) e | gia’;‘sl
—— Swaedis
201 —==-Turkish
10+
% -16

-12 -0 -8 -6 -4 -2 0 2
Signal-to-noise ratio / dB SNR

=T

(Kollmeier et al, 2015, Hagermann 1982, Hochmuth et al
2012, Jansen et al 2012, Ozimek et al 2010, Wagener et al
1999, 2003, 2004, Warzybok et al 2011, Zokoll et al 2013, ...)
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glmple phenomenological model 3 70k
fits very well to human data @
ﬁ 60 combined classes A&D
SRT,.p : speech reception threshold (SRT) JJ N S—
L, : sound pressure level of noise o cos=2
L
L, : SRT in quiet T4 1
ALy, :SRTin noise (in dB SNR) 2 ok ]
A - hearing loss of class A (attenuation) §
D - hearing loss of class D (distortion) . 20 -
(9
Q
a 10 -
n
00 1 il0 1 LIO 1 6'0 1

sound-pressure level of the noise in dBI(A)

(Plomp, 1978)
SRTA_|_D = 10 - 1g(10(LU+A+D)/1U + 10(Ln—AL5N+D)/1O)
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(Mattys, Brooks, Cooke, 2009)

Energetic masking:
Target energy is masked by interfering energy.

Informational masking:
Target cannot be segregated from interferer.
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(Stone Fullgrabe Macklnnon Moore 2011)

Masking and of SOM (a9
H auditory filters WNWWWWM%M% Al
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Energetic masking: o EDM (Tgt+Tl)
. . . -351 g
Target energy is masked by interfering energy. “ri (\ i MM% M i
-45[ Al A . 1 . 1

Modulation masking: (Stone, Fiillgrabe, Moore, 2012) % ® ¢ il ™ ™ ™ 2
Target modulations in auditory filters are masked by interfering modulations.
Informational masking:
Target cannot be segregated from interferer.
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Effective model of auditory processing
and Speech Intelligibility Prediction (SIP)

% ﬁri” Acoustic .
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Filterbank and f--ZZz: : 3
adaptation [zzzz:: ! measure
: or
1 >
visit Poster P35: Christopher Hauth, | Binaural I -
BSIM and binaural MVDR beamformer = ynmasking | | Modulation [-T> pattern Linguistic
analysis |5 | recognizer processing
: <
I or
------- :
Filterbank and |ZZZZ2ZZ: 1
adaptation |zzzz:z:z: ! ASR system
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Additional information:
Listener: hearing loss, linguistic abilities, ...

Internal
representation

Signals: room acoustics, speech parameters, noise parameters, training material, ...
Linguistics: language, semantic context, ...

2018-10-12
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Speech Intelligibility Prediction (SIP)

% ﬁri" Acoustic .
5 level Sensorineural
level

Cognitive
level
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L \
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Additional information:

Internal
representation
ener: hearing loss

Signals: room acoustics, speech freq. spectrum, noise freq. spectrum
iguistics: semantic context
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Articulation Index (Al)
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(1-s5)= |_| (1=s;)  Fletcher-Steward independent channel model

log(1—s) = log(1-s,)

AI=> Al , with Al=-klog(1-s)
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Speech Intelligibility Index (Sll)
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Percent of syllables, words or
sentences understood correctly
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100 [Test vocabulary

limited to 3
f_B words

Sentences
{knowm 1o
listeners)

-

Sentences {First
presentation
to listeners)

PB words
{1000 different
words)

Nonsense syllables
{1000 different
syllables)

R hyme tests

Test vocabulary limited
to 256 PB words

MNote:

These relations are approximate.,
They depend upon type of
material and skill of talkers and
listeners.

] | | ] 1 |

04 05 o086 07 08 08 1.0

Articulation index

PR (Pavlovic, 1987)

(ANSI S3.5-1969)
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predicts SRTs in quiet very well
combined effect of hearing loss and noise is difficult to predict

Oldenburg Sentences, quiet Oldenburg Sentences, ICRA 1
120 - - — -
O/ / nZ: s /\‘
Q 100/ 7
- NIt %
3 80y >
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@ 60f 2
Q 0]
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D ool G o
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20 40 60 80 100 120 10
SRT predicted / dB SRT predicted / dB SNR
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Temporal context:
“listening in the gaps”

Extended SlI (ESII)
short-term Sl (stSll)

speech noise 'SI1] ' ’ .
‘ speech ‘P ' " !oise
critical-band filter bank
CB 21 CB 21
A
CB 20 envelope estimator ‘I CB 20
CB 19 frequency dependent I CB 19
time window
| I I ! |
| Ihreshc.)ld of -t I ---44
CB 2 hearing CB 2
SI(t R (R
CB 1 © CB 1
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(Rhebergen, Versfeld, 2005)
(Rhebergen, Versfeld, Dreschler, 2006)

observed SRT [dB SNR]

r? =0.24

no consideration of
fluctuations

% steep
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B consideration of freg. indep.
noise fluctuations

CARL

consideration of freq. indep.
noise fluctuations

consideration of freq. indep,
noise & speech fluctuations

15 20 -15 -10 -5
predicted SRT [dB SNR]

5
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Speech Intelligibility Prediction (SIP)
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\/ Internal
representation
Additional information:
Listener: hearing loss

Signals: room acoustics, speech(+ noise), noise(+ speech)
Linguistics: semantic context (reference curve)

2018-10-12 ITG Conference on Speech Communication 2018 — Thomas Brand — Modeling of human speech recognition 15




Speech Transmission Index (STI)
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Speech Transmission Index (STI)
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Multi resolution speech-based envelope

universitat
udringll. power spectrum model (mr-sEPSM)
a
Audlo-df)maln Hilbert Modulation filtering Multi-resolution  Multi-resolution Ideal observer
filtering Envelope envelope power SNRenv

Spiech—A.'_» —/\
=0 e A 2
.

Icf
)
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1/2
(Jargensen, Ewert, Dau, 2013) SNRen (p) = iSNRgnv(p,n) d" = k(SNR¢py )?
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correct(d’) =0 ——
JA+a

~
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Multi resolution speech-based envelope
i.-.dl. power spectrum model (mr-sEPSM) o o aua

ONew data OKjems etal. (2009)  [> Festen and Plomp (1990)
%7 Jorgensen and Dau (2011) @ mr—sEPSM @ sEPSM & ESII

|
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4+ | 0.48dB ® ] @
— _7k | d
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- I © ]
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20+ : < o« ]
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—~ 4r 1
g ! o .
E Or .ﬂ? S ® vy
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(Jargensen, Ewert, Dau, 2013)
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Speech-to-Reverberation Modulation /_‘
Hringll. energy Ratio (SRMR) (Fak, zneng, Chan, 2010) o as
a

developed as objective measure for quality and intelligibility of (de)reverberated speech
non-intrusive

2018-10-12
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Speech-to-Reverberation Modulation e \
ui.indll. energy Ratio (SRMR) (Fak zneng, Chan, 2010) o as
da

Developed as objective measure for quality and intelligibility of (de)reverberated speech
non-intrusive: no need of a reference signal

4 23 M

DD eiklm)

SRMR — k=1 j7=1 m=1
8 23

M
YYD ein(m)

k=5 j=1m=1

(Falk, Zheng, Chan, 2010)
(Santos, Senoussaoui, Falk, 2014)
(Senoussaoui, Santos, Falk, 2015)

2018-10-12
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Speech-to-Reverberation | = .
aringil. Modulation energy Ratio ;-
4all T 60 _
(SRMR) :
% 40 & Clean
Table 1. Performance results for the SRMR-based and benchmark = & Dathi e
metrics. . 55N
- 20 B Reverb+Noise ||
Metric Pp Psp  Psig  RSD% RMSE w Reverb only
SRMR-based metrics 0 DE - i
SRMR 0.68 086 078 0.22 15.45
SEMR,orm  0.77 093 092 0.09 9.48
Benchmark metrics
—y f ’
POLQA 0.668 094 094 0.09 7.81 Io——
NCM 0.57 0.72 0.53 0.15 22.08 80 |
CSII 0.51 071 046 0.26 23.80
STOI 044 097 0.36 0.08 23.24 =
PESQ  0.64 090 092 008 1005 < 6ol
oPESQ 0.89 0.88 092 0.09 10.12 E
ANIQUE+ 0.81 088 0.91 0.32 11.68 E; o
ModA 081 086 086 015 1595 z 44 131;“136 ]
P.563 0.38 033 034 .24 28.14 A SSN
201 B Reverb+Noise
(Santos, Senoussaoui, Falk, 2014) ¥ Rovertyoaly
“ | l
0.8 1

SRMR
(b)

Fig. 3. Scatterplots for SRMR (a) and SRMR, (b).
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Speech Intelligibility Prediction (SIP)

% ﬁri” Acoustic .
5 level Sensorineural
level

Cognitive
' ! level
r \
_______ p §
Filter bank and fZZZ2ZZ: :
adaptation [-zz:o:: " meas
or \ X
Binaural - / -
> unmasking || Modulation |2 1>~pattern - Linguistic
9 analysis ::: recognizer processing
: <
I or
"""" I
Filter bank and|Z--ZZZ: |
adaptation |zzzz::: ! ASR system
"""" [

Internal
representation
Additional information:
Listener: hearing loss, linguistic abilities

SignalsCcrosscorrelation between clean speech and degraded speech

Linguistics: semantic context, ...
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Short-time objective intelligibility
ﬁrin measure (STO') (Taal, Hendriks, Heusdens, Jensen, 2011) s

4a

Purpose: Prediction of the benefit of noise-reduction algorithms

Reference signal Internal representation
x (Clean SPEECh) J Xj (m)
DFT-based Shorttime | 2
172 octave band segmentation
decompaosition T l
: d}."‘l’ ]
Cormrelation
N =30 Cosfient [———% *Mgd"”‘
v (Degraded speech) l
T Y RN AR _
DFT-based | er ' . " Yim ' _ y jom
15 ot o . ‘ d i short-time |~ * p] Normalization +
da;um;:gm: . sagmenigiion clipping
+
—*m p=-15
: 100
analysis length of 386ms f(d) =

1 + exp(ad + b)

Good prediction of benefit due to noise reduction (e.g. ideal binary masks, Ephraim-
Malah), because the disadvantageous effect of distortion on speech is taken into account.
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ESTO' (Jensen, Taal 2016)
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arin NI-STOI (Andersen, de Haan, Tan, Jensen, 2017) o o esuac
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Generating a Clean Speech Model Xim) x5, x5, XA’;; c
Resample DFT-based , _ . —
. - Short-time Estimate abs- Eigenvalue- Save principal
XE(t) + 1 | /3-octave band j—m . — - fii( ) 1  Stack bands > . — 1 L
VAD decomposition segmentation covariance decomposmon components
The NISTOI m I' , A A A =
e NISTOI measure Y,(m) Yim Fim ¥, X, 3.
Resample DFT-based Short-time Project onto
Vit) — s 1/3-octave band (= sé:omanaLion - fit() = Stack bands | principal [ Unstack bands [ ifft( )
VAD decomposition = components
* ij.m
Hearing-threshold- ; .
s];ased noise i > Normalized *LZd
correlation IM e
1.m
V1 \Fz v 3

Dantale 11
— — — TIMIT female
————— TIMIT both

# principal components, K [-]
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Speech Intelligibility Prediction (SIP)

% ﬁri" Acoustic .
5 level Sensorineural
level

Cognitive
level

f \
r \
_______ p \
Filter bank and fZZZ2ZZ: : 5
adaptation [-zz:z:: ! measure
: or
I >
Binaural E: o
> unmasking || Medulation =T pattern Linguistic
9 analysis k1 recognizer processing
or
Filter bank and|z--22:: 1
adaptation |zzzzz:: ! ASR system/
______ |

N
Internal
representation
Additional information:
Listener: hearing loss

Signals: vocabulary or training material
Linguistics: language model

2018-10-12 ITG Conference on Speech Communication 2018 — Thomas Brand — Modeling of human speech recognition 27



Auditory model and pattern recognizer
Hlarin (Jdrgens, Brand, 2009) Vocabulary Untversitas
a ==
m A A 8NN N
Audio fudlu/ futuf lugu/ Tuku/ fufuf fusu/ fubu/
. TF PR ORE ' OOFER PR FR
signal q: l:ﬂl | HI :ﬂl E‘I Fﬁ!l ﬁl
1 \/ / / Amul _ Junu/ fulu/ July/ |
— Outer- and middle-ear :
filter
DTW and Select
Eucledian [ | closest
Filterbank distance item
IRENERERE
Haircell-Model
~25}
I s
Adaptation T2
v 51
Modulation filterbank g,
O 2
Internal representation (IR)\L'E

0 01 02 03 04 05
Time (s)
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Auditory model and pattern recognizer
(Jurgens, Brand, 2009) umgforssnragcz g
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detector mode
80t

70}
60}
50;
40¢
30¢
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10

Model in
................... . ASR mode

Recognition rate (%)

chance!level ]
-------------------T ------------ 1 --------------------

%0 20 -0 0 10 20
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Framework for Auditory Discrimination
aringll. Experiment simulation (FADE) (schacderetal. .) U veuac
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Time signal Preprocessing Feature extraction Classification (HMM)
Applicable as well to other A

discrimination experiments ?:lan(t:gnd

System trained at different SNRs &

with matrix sentence set x

Select training SNR with lowest g :

SRT prediction a

visit Poster P6: David Hilsmeier: s

FADE with everyday sentences Test SNR [dB]

(Schaedler, Warzybok, Ewert, Kollmeier, 2016)
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non-intrusive
(e.g. human, SRMR)

speech noise

evaluation/prediction

infrusive 1

(e.g. Hagerman
& Olofsson)

speech noise

evaluation/prediction

infrusive 2
(e.g. STOI, HASPI)

speech noise

evaluation/prediction

(Schadler, Warzybok, Kollmeier, 2018)
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Framework for Auditory Discrimination
Experiment simulation (FADE)
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(Schadler, Warzybok, Hochmuth, Kollmeier, 2015)
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interferers (Schubotz, Brand, Kolmeier, Ewert, 2016)

Evaluation with modulated and speech-like
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Non-intrusive SIP using
Convolutional Neural Networks (CNN)
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Hypothesis: SIP is a simple problem compared to ASR and can be solved by
comparatively smaller neural networks and less training material.

Degraded
spech

Intelligibility
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100%

@ True
~~— "\ @ Estimated

0% Time [s]

(Andersen, de Haan, Tan, Jensen, 2018)
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Non-intrusive SIP using

I universitat
Convolutional Neural Networks (CNN)
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TABLE V
PREDICTED INTELLIGIBILITY FOR VARIOUS NOISE RECORDINGS FROM
THE NOISE-X DATABASE [68]. PREDICTIONS WERE MADE USING THE
LOGISTIC FUNCTION ASSOCIATED WITH DATASET Dy4.

Recording Median prediction
White noise 1.2%
Pink noise 1.2%
HF channel 1.3%
Jet cockpit 1 1.3%
Jet cockpit 2 1.4%
Car interior 1.8%
F16 cockpit 1.8%
Destroyer engine room 2.0%
Factory floor 2 2.8%
Tank noise 2.9%
Military vehicle 3.3%
Destroyer operations room 7.5%
Factory floor 1 22.3%
Machine gun 38.6%
Speech babble 41.4%

(Andersen, de Haan, Tan, Jensen, 2018)
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Simple intrusive SIP models explain a lot.
Relatively simple non-intrusive models are available.
ASR models are applicable to many situations.
Evaluation measurements are still strongly recommended.
Challenges: speech maskers, ...

Visit poster P5 (Christopher Hauth: Performance prediction of binaural MVDR beamformer
using BSIM)

Visit poster P6 (David Hiilsmeier: Extension of FADE for everyday sentences)

Many thanks for your attention!
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