.
For a couple of weeks, we have been considering random ','fL;
gequences--that ig, sequences of random variables. EXactly lq/hg
predicting the behavior of such a sequence is impossible, /G!

but, as you learned last week, in some cases it is possible

to egtimate certain parameters--like the mean or the
autocorrelation function--from a realization of a random
sequence. The main idea here was that, if you have a

sequence of identical random variables, preferably independent,
you can estimate certain parameters by computing time

averages.

Today, we continue the discussion of estimation, and consider
examples of detecting or estimating a signal corrupted by
additive noise.
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This is guite intuitive. In order to isolate X, we need to
represent our obsgervations ¥ in a basis where x stands out,
namely, a basis where x is one of the basis vectors.

If indeed Y was equal to x plus noise, we would expect

its projection onto x to be large, whereas otherwise there

is no reason to expect thisg projection to be large.

Let's now generalize this ldea to a slightly more complicated
situation. Here, we don't know the underlying signal x exactly,
but we know, for example, that it's a sinusoidal signal or

a sum of sinusoids.

If we represent a noisy sinusoid in a Fourier basis by
computing its DBFT, we would see two large

spikes corresponding to the frequency of the sinusoid, and then
there will be noise. One simple method to get rid of noise
would then be to:

1. set all the coefficients which are below a certain
threshold to zero, so that we are left with just these two
spikes;

2. reconstruct our signal from the remaining coefficients.

Now, let's analyze this procedure a little more closely.
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Noise-free sinusoid

Noisy sinusoid
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Sum of two sinusoids
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Note that the reason why we chose the Fourier bkasgis is that

we knew that our signals of interest were ginusoids. 1In other
scenarios, you would choose a different basis. Note that our
analysis would still hold for any orthogonal basis, because

in our derivation of the fact that the transtorm of white

noise is still white noise, we never used the fact that our basis
vectors were Fourier vectors.

On the next page, there ig an example where the underlying

signal is essentially piecewise constant, with sharp
discontinuities. Fourier basis is not very goocd for representing
such signals. A more appropriate basis might be that consisting
of some sort of step or staircase functions.
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The Haar basis is not really appropriate for representing
images. Images are not really piecewise constant: in
addition to abrupt changes, they tend to contain smooth
variations. Other wavelet bases are emplcoyed for representing
images.







