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Representation Algorithm Decomposition Algorithm Flute and Guitar Decomposition

e Novel method for representing and input: £,y € RV, M € Z", w, fou € R
decomposing 1D signals rel0,1]

Input: y(t) = y1(t) + yo(t) where y;(t) is a flute

input: =*, G, (7,,,, [ :
p (Tons f )m 1 and ys(t) is a guitar clip around 1.85s long.

. | o min samplesE 7", e,s € RT b . . v
e Represent signal in a random wavelet “basis Generate {Tp, fin, Om Y ,; Define (7, , fm]) — (7o, f)| " # O} arameters: f,.. = 44100Hz/16, M = 51 080,

e F'ind representation via Spectral Projected Generate M wavelets g, € RY: Scale input points to obtain (T, + fon.); N =10200,r = 8%’_ w :__0'03 >
Gradient with L1 minimization (SPGL1) Store wavelets by column in a matrix Use DBSCAN to label each poirit by ch]lster to I
e Decompose representation into modes via G € RV*M ; obtain { gmj} where gmj c {_17 0,---, K — 1}; ﬁ N T
Density-Based Spatial Clustering of Solve Fxtract K modes: £ [ R R i
Applications with Noise (DBSCAN) or r* = arg HEH |z||; st. [|Gx —yll, <7yl e = S T8 Gm, Iy = {mj|ln. =k —1}; . | L ;ﬂ
frequency filters TR M ¢ : : == ‘zj’amm ;:‘:....” =
d Y output: x*, G, {7, [, Pm i output: {yk}éil F::F'“ 'm*
M . - " . e
o Reconstruct y ~ Gz* = S T o Alternatively decompose using known conditions Fioure 5: Segmentation via slice at f = 480 Hz

Problem Statement

m=1 e Ex. a band-pass filter could be represented as

e Relative error 162" = ylls I ={mjla < fm; <bj
e Given a 1D signal y, find a sparse representation [yl

is less than r

e Decompose it into simple modes

\ p Mathematical Example
\ [\
, \ [\ Input: y(t) = yi(t) + 1(t) + ys(t) defined by |
o \ \/ \ yi(t) = mt, t € [0,5/4] : o
' \ | e () = cos(40mt), t € [0,5/4] g - EEERE— $Z$ 0 0 o oo
II | || LAY 4 |, [ e R Figure 6: Extracted flute and guitar vs original
\,' ' fftetre us(t) = cos (5 ((2mt = 10)" = (27 = 10)" + 20m(t - 1))
| | Il |
LI T t E ]1 2] 10
y(t) = 1 (t) + g2 (t) + =(2) I | | ’ 3 i
| Parameters: f,.. — 80,M = 16000,r = 5%, NEERY References

w = 0.18,min_samples = 3,¢ =0.1,s = 1/80.
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Fioure 2¢ Example real-valued Gabor wavelet with Figure 3: Segmentation of nonzero wavelets into four modes. Figure 4: Learned signal and decomposed modes vs ground . : .
5 P G . . ruth. Note input - (5% Gaussian), and Nicholas Richardson: njericha@uwaterloo.ca
(1, f, ¢;w) = (0.4, 10, 1.26; 0.2). Frequency and time-shifts of nonzero wavelets are plotted ruatil. INOote 1Imput was a noisy source (o070 (sausslaln), all

where colour represents labelling from DBSCAN. mode 4 was added to mode 1 in the second row. Code: will be available on Github soon
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