CSE 599E

Lecture4:

SignalProcessing and

Machine Learning for BCI

What 6s on the menu?

F Signal Processing
<~ Spike sorting
<~ Frequency analysis
<~ Wavelets
<~ Time domairanalysis
BayesiarFiltering, Kalmanand Particldiltering

F MachineLearning
<~ Regression: Linear regression, Neural networks
< Classification: LDA, SVM
<~ CrossValidation
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Components of BrahComputer Interfacing
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Feature Extraction angignalProcessing

R.Raq 599E: Lecturet




Invasive Recording: Spike Sorting
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Sorting by Amplitude
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Signal Processing for Sefitivasive and Non
Invasive Recordings
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Example:ECoGSignal

Rest Period Hand movement
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Decomposing a signal into components:
Frequency domain analysis

I 4 Recorded
lul il |I|II V IU"'|.I signal

Increasing
frequency
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Example of Frequency Domain (Fourier) Analysis

Signal as a Signal as a
functionof =, function of
time Y= gentont frequency
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Fourier Analysis

F Express any signal as an infinite sunsisfesand cosines
s(t) = % +a, cos(m) +a,cos@ut) +2 + Db, sin(ut) +b, sin(2ut) +2

=%, a a, cosfpmt) + a b, sin(nut)

2 n=1 n=1

FObtain each AFourier coef fi

_ 232 d
a, —?nms(t)coshwt) t

2
b, ==
T
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A, stsin(ut)dt




Amplitude and Power Spectra

s(t) =% os(nt) @os@wt) +2 @in(wt) @in(zm) +2
F Amplitude Spectrum
A =23 +b
F Power Spectrum
P() = AN)* =5 (3 +,)

F Fast Fourier transform (FFRTEfficientway of computing

coefficients and power spectrum
< For signal with T time points, runs in time approximafElpg T
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Problem with FourieAnalysis

F Sinesand cosines occupy an
infinite temporalextent

F Fouriertransform does a poo
job of representingjnite and
nonperiodic signals, and
signals with sharpeaks and
discontinuities
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Wavelets

FR t i I ne £ /\ / /\ \ /“
epresent signals as /\U \\/\/ \JN VAV

linear combinations

of finite basis roui * 0 5 O A T
functions called ( \/ U/\/A \/ \V / (AT

Wavelets Wavelet \7/\/\\//\~/ ———

F Each wavelet is a
scaledand translated Example Mother Wavelets

copyof a single ﬂ \/\
mother wavelet h WN\)‘WWW W —

Haar Shannon or Sinc Daubechics 4 Daubechics 20

F Allows multi- \
resolution analysis / \ r T/k’ ﬂ/\/*
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Example: Wavelet Decomposition of EEG
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Autoregressive (AR) Models

F Naturalsignals tend to be correlated oviene

F Predictthe next measurement basedpaist few values:
X = apl ax., +e

F AdaptiveAutoregressive (AAR) mdel usesime-varying
set of coefficients, ;:

p
X :_a a X g

i=1

F Thea, capture local statistics of signal and can be used as
features for classification in a BCI

R.Raq 599E: Lecturet 16




Bayesian Filtering:
Kalmanfilters and Particle filters
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Bayesd Rul e

P(x,y) = P(x]y)P(y) = P(y [ X)P(x)
Y

P(x| y) = P(y|x) P(x) _ likelihoodQrior

T P(y) normalizer
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Example: Estimating brain state from neural data

F Supposeve measur&CoGsignalz
5000}

-5000

1
8.15 82

F What isP(HandMovement)2
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Causal vs. Diagnostic Reasoning

F P(HandMovement)zs diagnostic ,
count frequencies!

F P(z|JHandMovemepis causal
F Oftencausaknowledge is easier tbtain or learn.

F Bayes rule allows us tmonvert causal knowledge to
diagnose events:

P(z| HM)P(HM)
P(2)

P(HM |2z) =
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Hand Movement Example

F P@zlHM) = 0.6  P(kxHM) = 0.3

From past data
F P(HM)=P(xHM) = 0.5

P(z|HM)P(HM)
P(z|HM)P(HM) + P(z|x HM)P(x HM )
06M5 _ 03 _2

P(HM |2) = —— =" =2-067
0.6M.5+03M5 045 3

P(HM |2) =

If z is measured, it rais¢he probability of hand
movement from 0.5 to 0.67
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CombiningMeasurements over Time

F Supposeve make another measuremet
F How can we integrate this neweasurement?

F More generally, how can we estimate
PX| z...z,)?
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Bayesian Filtering

Bayesd Rul

P(X| 22 ,2) = B(z0|X, 2,2 ,70-1) P(X| 21,2 ,Zn- 1)

P(zo| 2,2 ,zn-1)

Markov assumptiorg, is independent f;,...,z, ; if we knowx.

P(zn| X, 2,2 ,20-1) P(X| 2,2 ,20-1)

P(x|z,2 ,z) =
P(zo| 2,2 ,20-1)
_P(@[x) P(x|2,2 ,7:-1)
P(zo| 2,2 ,20-1)
=a P(zn|xX) P(X| 2,2 ,zn-1)
\
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KalmanFiltering

F State linearly evolves according tox, = AX_, +n,
F Measurement linearly related to state= Bx +m

F n,andm are zeremean Gaussiamoisewith covariance
matricesQ andR respectively

F Bayesian filtering:
P(x 12,2 .z) =a P(z|x) P(x 2.2 ,Z.,)
=aP(z|x) fj PO Ix)P(X.112,2 .7.,)dx

F Because everything is Gaussian and linear, posterior is also
Gaussian:P(x 12,2 ,z) = N(%, )
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KalmanFilter Equations

F
Mean

X = Ak,
M, = AS,A"+Q

Correctionupon measuring:
£=x+K(z- BX) Mean

Predictionfrom one time step to next:

Covariance

S=(B'"R'B+M, ") Covariance

fiKalmard ¢ K,i=§B'R"

give topredictionerror (z - BX) versus prediction
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KalmanFilter: Prediction and Correction Cycle
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Kalmanfilter assumes linear and Gaussian
model

How do we handle nehinearity and mult
modal distributions?
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EnteréParticle Filter

1) Samples approximate
posterior probability
distribution
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Spatial Filtering (across electrodes) and
FeatureExtraction

R.Raq 599E: Lecturet 29

Spatialfiltering: Simple Techniques

F Bipolar filtering
;7S5

F Laplacian filtering

§=s- —as
|I Q
F Common Average
Re-referencing

@»@«o--q
@\0 ® @

~ 10
=S -—Aas.
S | NELI
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Reducing Dimensionality of Input Data

High Density EEG Recording

f—

Can we extract and usesmall set of featuremther than
the large number of input channels?
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Principal Component Analysis (PCA)

F Convert highdimensional
input into a small set of Example: 2D to 1D
linearn f eat ur ec< 4 ]

< Eg, 256 EEG channely ..l
10 fAfeatures

% Input wectors
@ Reconstructed
*M — PCAsubspace
%

%

F Features determined by °7
directions in data with
maximal variance

F Data can be reconstructe
(with some error) by linei s+ .
combination of features : ; : : ; :

[l
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Principal Component Analysis (PCA)

F Suppose each of the N data points-ditnensional
< Form L x Ldata covariance matriR

A=%£ (% = X)(x; - X)"

i=1

F Computeeigenvectoref A A these are the f e a tvactorg 0
or spatial filters

F Pick N largest eigenvalues and use their eigenvectors as yo
featuresf/filters
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Example: PCA for images of faces

F PCA extracts the
eigenvectory,, V,, Vs,
... Vi of covariance
matrix A

F Each one of these
vectors is a directiom
image space

< Whatdo these look like?
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Low Dimensional Representation and Reconstruction

Filtering: Inputis converted t@igenvectorcoordinates using dot
products o)f:projection

x> ((x—%) vy, (x—%X) va,..., (x—X) vg)
Input AN ~ J AN ~ J %_J
a1 ao aR

Compressed representation
(K usually much smaller than size of input)

a1V1 a2Vz a3zviz a4v4 asvVs agVe aryvy a8V8/

X%f+&1V1+&2V2+...+aKvK
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PCA applied to EEG

Original EEG Principal Component Waveforms S
[~
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Independent Component Analysis (ICA)

F PCA produces a matrix V of eigenvectors (columns of V)
such that the outpuatis uncorrelated:

a=V'(x- X)
F ICA tries to find a matrix W of filters (columns of W) such
that the outpud is statistically independent:
M
a=W"Tx suchthatP(a)® Q P(a)

i=1

F ICA assumes sources are linearly mixed to produce

FI CA can be used to recover
mixed brain signals such as EEG
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ICA for unmixing EEG signals
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ICA for Artifact Removal in EEG
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