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Visualizing Large Audio Testbeds
l — Multi-Day Timeline Audio .

— Milliphone = 1000 Microphones
 Signal Features- ' ==
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g = Mllllmum Bayes Risk Feature Selectlon W
— Tandem ANN/HMM Event Detectmn e
— UBM/MAP Event Verlflcatlon
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Testbed #1: Portable Multi-Day -

Audio Timeliner
* Dramatis Personae: Emergency first responders (EFRs) l

* Analysis Object: One microphone, one month

! * Act 1, Scene 1: EFRs arrive on scene, download

: surveillance audio to a handheld -~ --

- * Objective: Event diagnosis, prognosis, & management
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Testbed #2: 1000 Microphones = &
One Milliphone

* Dramatis Personae: Command center data analysts
! * Analysis Object: 1000 microphones, 24 hours |

- Act 2, Scene 1: Analyst in a Virtual Reality Theater (the
== Beckman CUBE) seeks anomalies in a large dataset
~_* Objective: Find the anomalies |




Dataset #1: Meeting Room Audio

30 annotators, 24 hours of data, 14 acoustic events
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Dataset #2: Willard Airport b
24 hours of audio, labeled' by commercial airplane l

takeoff & landmg records (1nadequate')
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Signal Features 1

* Multi-Scale Features
l — Motivation: Processing in auditbry cortex
2 — Implementation: Multiscale FFT
* Auditory Salience
— Motivation: Visual sallence =

— Implementation: DoG in approprlate features
— Real world tests: Illln01s labehng of AMI corpus- =




Motivation: Rate-Scale Features

(Carlyon & Shamma, 2003)
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Multiscale FFT: Formulas

(Cohen et al., FODAVA 09-01)

X[2k] = Fap {xo[n] + xi[n]}, 0<k<ND
X[2k+1] = FW;"E{E_‘EEMH;N(J{ID[H] B Il[ﬂ])}j 0 < k<N —

X[2k] = Xo[ k] + Xi[ K], U <k< N;’ﬁ

X[2k+1] = Xo[k + Vo] - Xi[k+Y4], 0<k<N2 '
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Multiscale FFT: Butterflies e

(Cohen et al., FODAVA 09-01)
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|
Digression: How to Display Audio &
Events?

Channel Model: Information in the Visual Channel

() = A(F) * $(r) + v(7)

HED)2Se() |
o~ [ (1 ML) 4

To Maximize Information Transfer, Choose

A7 = BW (H{ﬁ})

= 2pixels

. Q)2
Ag(fl) = |H{£I|
Su(£2)

== iIIU:.m:ucl'}{_']I
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Salience E

Salient objects/events POP OUT
Computer vision: Difference of Gaussians
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Audio Salience: Data Annotation [®

First pass: subjects label “salient” vs. “non-salient”
Second pass: subjects identify audio events
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Audio Salience: Signal Model

I -
Input audio
\ J
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Audio Salience: Sample Results

Speotrogram
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Audio Salience EER: ~76% ”'

@ Note new toolbar buttons: data brushing & linked plots s &% Play video X
Precision-Recall vs. Threshold
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Likelihood Features =

* Acoustic Event Detection: Why is it hard?

l — Relevant information scattered across multiple
¥ scales, multlple (t,f) coordinates

— Low SNR .
- Minimum Bayes risk feature selectmn =
ANN/HMM hybrid AED =
UBM/MAP rescoring | e




Non-Speech Audio Events

Motivation
“Activity detection and description is a key functionality of

perceptually aware interfaces working in collaborative human
communication environments. . . detection and classification of

acoustic events may help to detect and describe human

activity..." (CLEAR-AED Task Brief)

Difficulties

m Negative SNR (speech is “background noise”)
m Unknown spectral structure

m Different spectral structure for each event type




Difficulty #1: Negative SNR b
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Difficulty #2: Class-Dependent &
Scale & Structure
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I
Discriminative Feature Selection =

(Zhuang et al., ICASSP 2008)

m Problem: what acoustic features are relevant for detecting
non-speech acoustic events?
m Input: (x; € RP) includes many acoustic features invented

for speech processing (MFCC, PLP, energy, ZCR)
s Output: (f; € R9) selects the most useful features:

fi = Wx;

where W' =[wy,...,wk], and w, is an indicator vector
(only one non-zero element)
m Hidden Markov Modeling: the label sequence
Y* =|yi,...,¥n) Vi € {keyjingle, footstep, ...} is chosen by
a hidden Markov model observing F = [fi, ..., fpl:
Y* =argmaxp(F[Y)p(Y)
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Bayes Error Rate .

(Zhuang et al., ICASSP 2008)

Bayes Error Rate

Let wy, be an indicator vector (all zeros except for one element).

The Bayes-optimal error rate of a classifier observing feature w;x

......

= 1S

P(error) = [ [ P (y =+ arg max p(w{x,y)) dydx

Bayes Error Rate Approximated on a Database

N

25 (y; # arg maxp(wfx;,y;))

=1

Flwe) =
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Feature Selection Algorithms e

(Zhuang et al., ICASSP 2008)

Hard-Bayes-Error Feature Selection

For k=1,..., K, Choose the indicator vector wy (wy is all zeros
except for one nonzero element) to minimize

N
F(wy) = % 25 (Jf’f #* arg maxP(W;;rXfJ’f))

=1

Soft-Bayes-Error Feature Selection

For k =1,..., K, Choose the indicator vector wy (wy is all zeros
except for one nonzero element) to minimize

;N
Fs(wi) = > rank (J*’f ‘WJX;')

=1
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I
Acoustic Event Detection Accuracy =

(Zhuang et al., ICASSP 2008)
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Test

m MFCC26DAZ = 26 Mel-frequency cepstral coefficients +
deltas + acceleration

m DERIVE26DAZ = 26 Derived features + deltas + acceleration
m DERIVE78 = 78 Derived features
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Tandem ANN/HMM for AED ’

Transformation
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Rescore Using Supervectors

Mixture Gaussian Model

p(#lg) = cquN (T fir, k)

k

MAP Adaptation to the p’th Detected Segment

i®) — 2 (T + Vil
g 2 k(t) +v

Supervector Representation
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Within Class Covariance
Normalization (WCCN)

- Z-normalize the supervector to reduce the effect of
Irrelevant variability using a robust regularlzed covarlance

matrix:
. S=(ySH1-7))

» Z-normalization results in better [i@}_&far separab’i[ity_: ,




AED Accuracy with Tandem & -
Supervectors

ap cl cm co ds kj kn kt la pr pW st Average
! MFCC 783 | 269 | 295 | 242 | 563 | 39.9 | 7.7 0.0 | 39.0 | 352 | 14.1 | 287 28.2
FB 345 | 21.8 | 254 | 249 | 389 | 272 | 11.7 | 0.0 | 49.1 | 13.8 | 11.7 | 28.1 27.8
i Adaboost 444 | 255 | 31.3 | 312 | 573 | 332 | 135 | 19 | 513 | 36.7 | 17.6 | 36.8 34.0
= Adaboost+T 526 | 219 | 372 | 51.3 | 63.0 | 296 | 11.5 | 0.0 | 542 | 42.7 | 258 | 346 353
| Adaboost+S 444 | 25.0 | 33.7 | 312 | 56.6 | 332 | 209 | 355 | 513 | 36.7 | 192 | 41.3 37.5
§ Adaboost+T+S || 52.6 | 21.9 | 39.6 | 498 | 63.0 | 296 | 154 | 36.8 | 54.7 | 41.7 | 26.0 | 383 38.6

~ | Effectiveness of system components _— e
— Metric: AED-ACC (%) weighted multi- Class = score

== *'T' = Tandem ANN/HMM recognlzer
= 'S’ = GMM-Supervector rescoring - 27

= * ‘Adaboost’ = minimum Bayes risk feature selectlon

= * Adaboost+T+S was #1 overall In CLEAR 2007 competltlon




Summary & Conclusions

* Audio events occur at scales rangmg from 2ms to
l 20 minutes

— Efficient computation: multiscale FFT

— Classifier training: Minimum Bayes risk s‘election
* Audio events occur at negative SNR

— Noise compensation: Tandem ANN/HMM

— Noise Compensatlon Supervector WCCN
= Vlsuallzatlon is most effectlve with...

— Signal features match the salience of audlo & 1mage

— Log likelihood features task matchmg useful but not
necessary - e |

-
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