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Images are Ok but, What
About Sound?



Unstructured Data

Semantic Classification Object Instance
Segmentation + Localization
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Data Collection &
Pre-Processing
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Data Engineering Model Deployment Product Analytics

Evaluate Convert Make

Collect Preprocess

Data Data

Optimize Model Inferences
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Sensor Data
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Sensor Data

Input

Live Input (5V peakam v

Freeze Live Input

Input Wave Frequency

250 Hz

Oscilloscope gain

1.0

Seconds / div

1ms v

Volts / div

5V v

https://academo.org/demos/virtual-oscilloscope/



https://academo.org/demos/virtual-oscilloscope/

Sensor Data

e 1D signal
e 16kHz signal, so that’s

samples (points / second) :>
e How do you feed «// of that
data into the model? 16kHz signal

e Need to think creatively

about the input signall
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1D Convolution
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Vector layer layer layer layer layer layer Layer Layer Layer
End-to-End Environmental Sound https://arxiv.org/pdfi1904.08990

Classification using a 1D Convolutional Neural
Network 11



Signal Components?
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Signal Components?
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Signal Components?

R// Fourier Transform
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https://www.youtube.com/watch?v=spUNpyF58BY&sttick=0
https://www.youtube.com/watch?v=spUNpyF58BY&sttick=0

Fourier Transform

Original Signal

Time

Comp. 1-400 Hz

A1

I
I
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https://www.youtube.com/watc
h?v=spUNpyF58BY &sttick=0
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https://www.youtube.com/watch?v=spUNpyF58BY&sttick=0
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Fourier Transform

from scipy.fft import fft
yf = fft(raw signal)
plt.plot(xf, np.abs(yf));

Original Signal
100000 - Comp 1
f(t)e _ja)tdl’ e Comp. 2
Fourier Transform S wo mo o wn
Frequency
Time

https://prajwalsouza.qgithub.io/Exper  https://www.voutube.com/watc

iments/Fourier-Transform-Visualizat h?v=spUNDYF58BY &sttick=0
ion.html = C .



https://www.youtube.com/watch?v=spUNpyF58BY&sttick=0
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https://prajwalsouza.github.io/Experiments/Fourier-Transform-Visualization.html
https://prajwalsouza.github.io/Experiments/Fourier-Transform-Visualization.html
https://prajwalsouza.github.io/Experiments/Fourier-Transform-Visualization.html

Signal Components!
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How Can We Mix Time and Frequency Information?

No Loud No Loud

Frequency Time
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Data Preprocessing
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Data Preprocessing
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Data Preprocessing

- /No Loud

20000 -
10000 1 g>)’
c
)
-
0 O
')
| -
L

-10000 A

20000

0 20000 40000 60000 80000

Time



Data Preprocessing: Spectrograms
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Data Preprocessing: Spectrograms
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Data Preprocessing: Spectrograms

https://spectrogram.sciencem
usic.org/



https://spectrogram.sciencemusic.org/
https://spectrogram.sciencemusic.org/

Can we find more
salient features?






Mel-Frequency Cepstral Coefficients : MFCC

Time domain Signal Spectrum DFT(STFT) power spectrum |[X[k]|’
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Mel-scale power spectrum Y[m]

https://jonathan-hui.medium.com/sp
eech-recoqgnition-feature-extraction-
mfcc-plp-5455f5a69dd9
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https://jonathan-hui.medium.com/speech-recognition-feature-extraction-mfcc-plp-5455f5a69dd9
https://jonathan-hui.medium.com/speech-recognition-feature-extraction-mfcc-plp-5455f5a69dd9
https://jonathan-hui.medium.com/speech-recognition-feature-extraction-mfcc-plp-5455f5a69dd9

Mel-Frequency Cepstral Coefficients : MFCC

N
Ye[m] =) Win[k] [X:[K][?
k=1

where k : DFT bin number (1,..., N)

m : mel-filter bank number (1, ...

https://jonathan-hui.medium.com/sp
eech-recoqgnition-feature-extraction-
mfcc-plp-5455f5a69dd9
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https://jonathan-hui.medium.com/speech-recognition-feature-extraction-mfcc-plp-5455f5a69dd9
https://jonathan-hui.medium.com/speech-recognition-feature-extraction-mfcc-plp-5455f5a69dd9
https://jonathan-hui.medium.com/speech-recognition-feature-extraction-mfcc-plp-5455f5a69dd9

Mel-Frequency Cepstral Coefficients : MFCC
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Spectrograms vs MFCCs
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Additional Feature Engineering

Normalization: Denoise: reduce
remove volume background
differences h noise for clarity

» |
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What is
KeyWord Spotting?



Keyword Spotting v.
General Speech Recognition

e Keyword spotting is one of the most successful examples of TinyML
o Low-power, continuous, on-device
o Common Voice SWTS*expands keyword spotting to more languages

* Single Word Target Segment

e General ASRstill requires
o But it can run on mobile devices (offline dictation on smartphones)

* Automatic Speech Recognition



General Speech Recognition

Speech To Natural Language
Text (STT) Processing (NLP)
O Speech Text b
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Sound (KWS) Recognition
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(Broken Glass)
(Anomaly Detection)
(Snore, Toss)

(Bee, insect sound)




Keyword Spotting
Challenges/Constrains



Challenges and Constraints

N7
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Security & Privacy

Latency & Bandwidth
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Challenges and Constraints

A4

Latency & Bandwidth

A4

Provide results
quickly, respond
in real-time to
the user



Challenges and Constraints

N7 A4
e o s

Latency & Bandwidth

BANDWIDTH

Minimize data
sent over the

network (slow
and expensive)



Challenges and Constraints

RIE

Accuracy & Personalization

ACCURACY

Listen
continuously,
but only trigger
at the right time



Challenges and Constraints

RIE

Accuracy & Personalization

PERSONALIZATION

Trigger for the
user and not for
background
noise



Challenges and Constraints

SECURITY

Safeguarding the
data that is being

o sent to the cloud

Security & Privacy



Challenges and Constraints

Safeguarding the
data that is being

c sent to the cloud

Security & Privacy



Challenges and Constraints

D =

Battery & Memory

BATTERY

Limited energy,
operate on
coin-cell type
batteries



Challenges and Constraints

MEMORY

Run on resource
constrained

@ # devices

Battery & Memory



Anatomy of a Keyword Spotting Application

Process the full speech data with

_ a large model in the cloud
Process the data with

TinyML at the edge
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KWS Data Collection &
Pre-Processing
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Collect Preprocess
Data Data
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A Keyword Spotting
Model
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A model for Keyword Spotting

Classification
Convolution
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A model for Keyword Spotting

Classification

A Convolution

AN
DR

N

Input
Sound =)

) Features W)

 / Spectrograms and MFCC just an
image so we can use this same
pipeline!




KeyWord Spotting (KWS) - Inference

Make things
Obtains an input Pre-Process Runs model postprocesses happen
A | A A A
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l Digital Mic
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Converter

| 16KHz / 16 bits Output: Image

| Sample: [1s] [13, 50, 1]
N N N
Output Dim [1, 3] Check the
- Prob ‘YES/’ highest
- Prob ‘NO’ probability
— . - Prob ‘silence’ Take actions
e
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KeyWord Spotting (KWS) — Create Model (Training)

Obtains data Pre-Process Train model Evaluate Model  Convert / Deploy
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