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Research Effort

@ Common problem: estimate power spectral
density of noisy signals that are compromised
by outliers

e Common approach (ocean acoustics,
astrophysics, ...): use Welch's method and
replace the mean averaging by a median
averaging

spectral level [dB]
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@ Common problem: estimate power spectral
density of noisy signals that are compromised
by outliers

e Common approach (ocean acoustics,
astrophysics, ...): use Welch's method and
replace the mean averaging by a median
averaging

spectral level [dB]

@ Our work:

» extend Welch median idea to a more general
Welch percentile estimator c 01 02 03 04 05
» derive its statistical properties FIh
» use results to derive confidence intervals
» analyze effect of outliers on percentile
estimator
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Welch's Overlapped Segment Averaging (WOSA) Method

signal length
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Welch's Overlapped Segment Averaging (WOSA) Method
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Welch Percentile (WP) Estimator

signal length
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Welch Percentile (WP) Estimator

signal length
Segmen{t 1 3 3 Se:gmenfc i 3 3 Se‘gment K
L e Il 1 e ) 1
l overlap segment length = N
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Welch Percentile (WP) Estimator

signal length
Segmen{t 1 3 3 Se:gmenfc i 3 3 Se‘gment K
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l overlap l segment length = N l
Py(f) = |FFT {win - x (t)}? Pi(f) = |FFT {win - x;(t)}|? Py (f) = |FFT {win - xx ()}
l b = bias of

POVD(f) = § - quan.tileq {Pr'(f)} quantile estimation

1
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Welch Percentile (WP) Estimator

signal length
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Statistical Properties of WP Estimator

@ Bias of Quantile:
b=y(K+2)—¢(K(1—-q)+1) e
1 1 1 1

~ | _ = _ @ b - bias
vm)y=In(n) =5 = 152 T Ta0m ~ 25208

@ K — number of periodograms
@ g - ¢'" quantile

@ ¢ — digamma function

@ 1; — trigamma function

@ P — true PSD
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@ K — number of periodograms
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Statistical Properties of WP Estimator

@ Bias of Quantile:
b=y(K+2)—-y(K(1-q)+1)
1 1 1 1

~ | _ = _ @ b - bias
vm)y=In(n) =5 = 152 T Ta0m ~ 25208

Variables

@ K — number of periodograms
@ Variance of WP Estimator:

R @ g - ¢'" quantile
p

var {IADSWP)} = b2 [V1(K(1 = q) + 1) — ¢1(K + 2)] @ ¢ — digamma function
() @ 11 — trigamma function
dy(n 1 1 1 1 1
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@ Limiting Properties (K — :
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Simulation Results — Bias

no bias correction
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Simulation Results — Bias

bias correction using
no bias correction b=y¢(K+2)-¢(K(1~-q)+1)
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Simulation Results — Variance
I

9 —— simulation - - - trigamma, = - limit
5 L o 1% 010% o 50% ~90% o 99% ||
[72) :
AR - Ny SCR PR
8 -5 S S-H=8-8 -3 -9
g
£ 10 i} >
< Sney . = e
= Thwe (S O=go o | <G N
15| s
—920 1 =% 33‘&:'.:2:-_-8-2_2:
| | | | |

(e}
W
(@)

|
80 120 160 200

number of periodograms (K)

@ trigamma: var = 'Z—j [1(K(1—q) +1) — 1 (K +2)]

. . B)2 ) q
@ limit: var = (b K(i=q)

|IEEE ICASSP 2021

7/12



Lowest Variance Estimator
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Confidence Intervals
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Confidence Intervals
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Confidence Intervals
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WP Estimator in Presence of Outliers (1)

WP estimator performs well if percentage
of outliers is small (<5 %)
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WP Estimator in Presence of Outliers (1)
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WP Estimator in Presence of Outliers (1)
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WP Estimator in Presence of Outliers (2)
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WP Estimator in Presence of Outliers (2)
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Conclusions and Future Work

o Key Results:
» simple expressions for bias, variance, and limiting distribution of the Welch
percentile estimator can be derived from order statistics

» theoretical expressions show excellent agreement with simulations and can be used
to derive confidence intervals

» the 80" percentile estimator shows better variance properties than the commonly
used 50" percentile estimator

» bias and variance expressions can easily be adapted if percentage of outliers is large
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o Key Results:
» simple expressions for bias, variance, and limiting distribution of the Welch
percentile estimator can be derived from order statistics

» theoretical expressions show excellent agreement with simulations and can be used
to derive confidence intervals

» the 80" percentile estimator shows better variance properties than the commonly
used 50" percentile estimator

» bias and variance expressions can easily be adapted if percentage of outliers is large
o Future Work:

» improve theoretical results for small number of periodograms
» adapt estimator if percentage of outliers is unknowns
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