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Sound Event Detection 1

Introduction

= Sound event detection = 2 simultaneous tasks

= Segmentation (detection of temporal
boundaries)

= (Classification (type of sound) WWWW‘WW*W‘* e *']
‘

= Sound polyphony ( Sound Event Detection }
= Number of simultaneous sounds (Foolseps }i )
= Depends on the acoustic scene (]
composition & sound sources __Bird S"‘[g ) _ [:]] [ ]
| = Bicycle ]
Time
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Sound Event Detection 1

Introduction

= USM dataset [AbeRer, 2022] Mixture Isolated Sounds (Stems)

A A
| || \

Mix (L) Mix (R} scream glass break speech church belt airplane hammer

Polyphony = 6

Mix (L) Mix (R} gunshot cheering siren truck

Polyphony = 4

Aud-E1-2

Mix (L) Mix (R} truck

Polyphony = 2
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Sound Event Detection 1

Introduction

= USM dataset [AbelRer, 2022]

Demo-Video

Urban Sound Monitoring (USM) Dataset

Polyphonic Soundscape (top) + Isolated Sounds (bottom) - 120 ExamplesHes

» Pl o001/1000

Demo of the Urban Sound Monitoring (USM) Dataset for Polyphonic Sound Event Tagging
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Sound Event Detection 1

Introduction

= Sound source categories
= Humans, animals, vehicles, tools, machines, climate, ...
= Sound hierarchies

7~
= Based on regional origin & sound characteristics
_
Example: Urban Sounds

Voice Movement Elements Animals PIants/ Construction Ventilation Non-motorized
Vegetation Transport

Social/Signals

- Speech Z / [ \
- Laughter

! - Jackhammer
- g?;iﬁgng ! - Wind - Dog {bark} B Eﬁm:"ering ! g?olfk chimes
- Coughing - Footsteps - Water - Dog {howl} - Leaves {rustling} _ Sawing - Air conditioner Bicycle Skateboard - Alarm / siren
- Sneezing - Thunder - Bird {tweet} B Explos?ion - Fireworks
- Singing ~ ; . - Gun shot
~nfant Engine {running}
- Children
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Sound Event Detection 1
Challenges

= Sound characteristics

= Short transients, noise-like signals, harmonic / inharmonic signals
= Sound durations

= Short (gun shot, door knock) = long / stationary (machines, wind)
= |ll-defined temporal boundaries

= Complicates annotation & detection

_carhorn .. carpassing by

audio% m — I

spectrogram

annotation | = S ] [ @ ) ]

e ;. tini; Fig-E1-4
I |
lll-defined
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Sound Event Detection 1
Challenges

= Sound appear in the foreground & background
= depending on relative sound source position
= Non-local / sparse energy distribution

= Example: fundamental frequency & overtones
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Sound Event Detection 1
Related Tasks

= Sound event localization & tracking

= Multichannel audio recordings (e.g., first-order ambisonic microphones)

= Estimate direction-of-arrival (DOA) & track source movement

Multichannel audio input

e

Sound event localization and detection system

e /\ .........

DOA estimation Sound event detection
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Sound Event Detection 1
Related Tasks

= Source separation

input

=  Facilitates sound event

detection (fewer |
baCkground SoundS) [ Source Separation System w
= Chicken-egg problem l
w
Q
H e ppr———— e ——————
= Alternative: sound- = : .
%)
informed source-
separation [ : l
Sound Event Detection System
Speech
Dishes

output

| Vacuum Cleaner

Each event with sound class label + onset and offset timestamps time

.| %%
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Sound Event Detection 1

Pipeline

= Supervised learning pipeline
=  Feature extraction & pre-processing
= Label encoding

= Acoustic modeling

; Feature ;
- Audio —> N rha —p Input Learning ]
= m o
5 Henuen &
@ .
9 0 ] - > tq:églgi?g = Acoustic model

Annotation with temporal information Target outputs ‘

> Feat

i ~ eature -
g Audio extraction Input 45[ Recognition ]—}
-] iw e |

Class activity
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Sound Event Detection 1

Pipeline

"  Feature extraction

1D features (audio samples) - “end-to-end learning”

2D features (mel-spectrogram, STFT)

= Feature pre-processing

Log-magnitude scaling

Per-channel energy (PCEN)

[Lostanlen, 2019]

Dynamic range
compression

Adaptive gain control

Suppresses stationary
(background) noise

w b~ WU

Freq. (kHz)

N

Time (s)

(a) Logarithmic transformation.

w b~ U

Freq. (kHz)

N

Time (s)

(b) Per-channel energy normalization (PCEN).
Fig-E1-10
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Sound Event Detection 1

Pipeline

=  Annotation

Audio

Annotation

= Quality of “ground truth”? (limited agreement / reliability)

= Different granularities

= Tagging / Global level (“weak” labels) > cheap

= Event-level (“strong" labels) - expensive

iete] ] et ]
| ! !

[ Child speech ] [ Male speech ] [ Female Speech ]

Polyphonic annotation
[Child speech] [ ]

0 [300
0
fown) (0 0[]
fsm) 00 [

time

Fig-E1-11
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Sound Event Detection 1

Pipeline

= Label encoding
= Binarized sound activity (0/1)
= Multilabel classification
= 1 (independent) binary detector per class

= Temporal resolution (duration of each annotated time frame)

I ) " Multilabel Sound classes
0O T I [ )
, 1 encoding

Annotation with temporal information Target outputs

\ J
I

Frames
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Sound Event Detection 1

Pipeline

= Typical neural network architectures

= CNN

-
R

Input (1D / 2D)

= CRNN

\ 4

Conv. Layer +
Activation Function

Pooling

\ 4

Y
3-5 x

Dense Layer + Sigmoid

Activation Function

I

1-2 x

Front-End (Feature Learning)

Back-End (Classification)

—
R

Input (1D / 2D)

\ 4

Conv. Layer +
Activation Function

Pooling

Y
3-5 x

\ 4

Recurrent Layers
(e.g. LSTM)

Sigmoid

I

1-2 X

Front-End (Feature Learning)

Back-End (Temporal Modeling +

Classification)
Fig-E1-14
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Sound Event Detection 1

Evaluation

= Evaluate SED - binary classification results on a frame-level

= Compare reference with predictions

» Count TP/FN/FP = aggregate over time - compute metrics

Reference System output
I ) L]
] [ ]
[ ] [ ] ] [ ]
[ N
| ‘i e
fn [t { 110
Lfn_] =] RER
Comparison 'T
TP FN FP
Overall
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Sound Event Detection 1

Evaluation

* Binary classification evaluation
= True/false positives (TP/FP)
= True/false negatives (TN/FN)

= Metrics

Precision
Recall
Accuracy

F-score

Annotation

Prediction
1 0
TP FN
true positives false negatives
FP TN
false positives true negatives
Precision
_ TP
P = TP+FP

True Positive Rate
Sensitivity
Recall

_ TP
R = TP+FN

False Paositive Rate

— FP
FPR = FP+FN

Specificity
o 0 TN
Spec1ﬁc1ty = m

Accuracy

_ TP+TN
ACC = TP+TN+FP+FN
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Programming session

jupyter

®
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