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Goal

* Building a system that automatically labels an
audio event

sl bt » ‘ \ » Dog barking
An array of real values -
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Supervised Learning

| Regression
" A target function maps X onto X
"#$%H&"&' () *+,(-+,&*Y D\
| Classification { Do barking |
" A target function maps X onto 0% o
1 " 1 O /’/
WS+ X oo
- Door knock
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Which of these go together?

.
) 4“
.‘
!
o 4
.

7 )

/ 0
|
« - ']
-
-

Furry

# of legs

14



Nearest Neighbor (NN) Classifier

* When you see a new instance ! to classify, find

the most similar training example and assign
its label to the instance.

* How do you tell what things are similar?
1. Extract proper features.

2. Measure distance / similarity in the feature space.



Nearest Neighbor (NN) Classifier

©:Class-1 A Class-2

Feature 2 A new instance to classify

/ Feature 1

The nearest neighbor

X is classified into class-1
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K-Nearest Neighbor (KNN) Classifier

* Consider multiple neighbors

* Assign most popular label among K nearest
neighbors

 More robust to noisy data than NN (k=1)

():Class-1 A :Class-2

feature 2
@ . A deri - .
G,S A Considering 4 nearest neighbors (k=4),
® X ,,' A most popular class is Class-1
\\NQ’X A

feature 1



Choosing K

* Making K too small fits the output to the noise
in the dataset (overfitting)

 Making K too large can make decision
boundaries in classification indistinct
(underfitting)

* Choose K empirically using cross-validation
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N-fold cross validation

1) Split data into N groups
2) Train on N-1 groups

3) Validate on the Nth

4) Rotate, repeat
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N-fold cross validation

1) Split data into N groups
2) Train on N-1 groups

3) Validate on the Nth

4) Rotate, repeat
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True label

Predicted label

Piano | violin | Guitar
Piano 19 0 1
violin 0 15 5
Guitar 1 3 16




Evaluation: Confusion matrix

* Confusion matrix gives you a better

True label

True label

Predicted label

Piano violin Guitar
Piano 19 0 1
violin 0 15 5
Guitar 3 16

Predicted label

Piano violin Guitar
Piano 20 0 0
violin 7 11 2
Guitar 1 0 19

understanding of the behavior of your classifier.

Classification accuracy:
50/60 = 83%

Classification accuracy:
50/60 = 83%



Now that we know..

o How to build a KNN classifier

o How to evaluate it

[Inputdata] = [ Feature ] = [ Classifier ] =» [ Label ]

representation

! We need to learn how to extract feature ;
-representatlons from audio input to build audlof
classification model. |

37



AUDIO EVENT CLASSIFICATION



Audio event classification

r Input data] -}[ Feature ]-»[ Classifier ]-} [ Label ]

1
1
1
1
L representation i
I
1

M-..M.«

1
x=1" #$°/(9$%'$%? - Nearest Neighbor “Piano sound”
1

We need to convert waveform to feature representations to feed
in a classifier.

- We have already learned one of
feature representations: Spectrogram

Time(sec) 39
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Commonly used audio features

* /ero-crossing rate

Guitar Snare drum White noise

{1

o 0 o . | | | | [ ] ®
0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40
Zero-crossing rate

0.000 ‘
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Automatic drum transcription

l Onset detection
" 1"#5%&' (%) &*+(%) &*+,-F+* +

10 1

08 4

06 4

0.4 1

02 1

0.0 1

-04 -

100000

200000

300000

400000

500000
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Automatic drum transcription

| Extracting spectral centroid from each segment

el B 00 e & , 009 000 000 o
600 800 1000 1200 1400 1600 1800 2000
Spectral Céentroid

1
1
1
1
1
1
1
1
1
0025 :
1
1
L
1
1
1

Kick <m | m) Snare
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Automatic drum transcription-2

 More challenging example
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Automatic drum transcription-2

Il More challenging example

20 1

15 4

10 1

05 1

0.0 1

05 4

Kick

— Snare

You can find more feature extraction functions in the Librosa package

0 100000 200000 300000 400000 500000
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Feature summarization

* Using summary statistics over time to represent
an audio expert as a single vector

“”‘MMM | > !ll - !ll #$O/ﬁ%l$%"
5s
|
H Mean([SC,, SC,, SCs, ..., SC,]) = #,
[SC,] Variance([SC,, SC,, SC;, ..., SC,]) = #, P
[SC,] Delta-mean([SC,, SC,, SCs, ..., SC,]) L ARSI
[5Gl = mean([SC, - SC,, SC; - SC,,..., SC,— SC,,]) = #;
Delta-var([SC,, SC,, SC,, ..., SC,])
= Var([SCZ - SC]_, SC3 - SCz,..., Sct - Sct_l]) = #4

*SC: Spectral Centroid
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Sound Event Detection by Classification

Context-window

} L o

-----I

Dog barking

Car engine

Door knock

time
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