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Thus,                                                                      gives no gain of having multiple observations 

Correlator (or equivalently, matched filtering) does not work with random signals 
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This 
This is (almost) equivalent to deterministic signals (chapter 4)  

but with different noise distributions  
(The difference is that the difference of the two covariances 

must be positive semi-definite) 
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22 ~ 23 dB 
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is the Wiener estimator of s 
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Questions: 
 
1. Where is now the boundary between the estimator and the correlator? 
2. What is the signal y[n] in the case of a large data record with WSS signals? 

 
 

Answers: 
1. Sort of trick question…This structure is not visible in this picture 
2. Fourier transform 
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But sadly this also holds 

If x[k] are N(0,δ[k]) variables,  𝑥[𝑘] 2𝑁
𝑘=1  is not a chi-2 variable 
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Detection Theory 

Another, more advanced, technique is used 
 

Start from  

In general, the outer integral is tough. 
 
This can be done in closed form. Occurs if αn occurs in pairs. 
  
This happens if we have a complex-valued signal, and then model it in the real domain 
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Applying verbatim arguments to this we get 

 

 

 

which leads to 

is the Wiener estimator (MMSE) for the parameter vector 
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The astute listener will make a connection to the situation with deterministic signals: 

Where      is the parameter value under H1   

Random signals: 
• MMSE estimate is used as signal 
• Observation is original data record 
• There is no whitening 

Deterministic signals: 
• MMSE estimate is used as observation 
• There is whitening 
• Signal is the known parameter 

No whitening needed since estimate is orthogonal to recevied signal 
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It is very useful to be able to quickly understand a formula of the following type 
 
 
 
 
 
 
 
 
 
 
 
make sure that you can, it saves lots of time in many cases – not limited to this course 

Log-pdf of long signal x[n] with PSD Pxx(f) 

Periodogram 
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H(f) is real valued 
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Observe that Cs is present in the deterministic part. Why ? It is noise and is treated just as Cw 

Recall generalized matched filter:  T(x) = xTC-1s  

With random signals with means, we can write 

H1 : x + μs + ws +w 
This is deterministic 

This has that covariance 
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Very surprisingly, we get the following situation in the general case 

Thu 

MMSE estimate of signal 

Correlation with that estimate 

Plus correlation with deterministic part 

Note: The estimator-correlator contains the deterministic part 
           Thus, it is counted twice, likely since it is of superior quality 
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(In white noise) 

I have never seen this structure in any book 


