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Digital Signal Processing

Lecture 12
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Announcements 

• Midterm next Friday
–Open everything
–Prepare a sheet - not cheat!

• δ(x) : Impulse line (vertical or horizontal?)
•  
•
�(x, y) =2

�(x, y) = �(x)�(y)Z Z
2
�(x)dxdy ! 1
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Challenge: What is the password?
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p(⇢, ✓) =

Z 1

�1

Z 1

�1
f(x, y)�(⇢� x cos ✓ � y sin ✓)dxdy
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Projection

projection x-ray

p(⇢, ✓)
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Many Projections - Tomography

http://www.youtube.com/watch?v=4gklQHM19aY&feature=related
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Radon Transform
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f(x, y)�(⇢� x cos ✓ � y sin ✓)dxdy

p(⇢, 0) p(⇢,⇡/4)
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Radon Transform: Sinogram

• Also called Sinogram
• Impulse ⇒ Sinusoid
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Computed Tomography 

Sinogram cross-section

FBP

x-ray source
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p(⇢, 0) = p(x)
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F1D{p(⇢, ✓)} = F (⇢ cos ✓, ⇢ cos ✓)
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Projection Slice Theorem (Bracewell)

x

y

1D FT

f(x, y)
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Projection Slice Theorem (Bracewell)
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Projection Slice Theorem (Bracewell)
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Projection Slice Theorem (Bracewell)

lrD fT 

,F 
F0<. (), eY'" fY{) M . 

?voo P : o-tu : A r G "' o ='l k, or6f 19 

fcx,j)dj 

F( /.;_,o) =- J J /J-fr{ t,:x-.. f; jJ d-xJJ =-
-\A - (.)0 
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Discrete Reconstruction
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-
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Discretization

.. 
... .. 

' 

/)L{c(2EJ7.7:.[ .' 
. ·- --

-

Called a “rho” filter
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Fan Beam CT

• Single Source
• Many detectors

• How to reconstruct?
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Fan Beam CT

• Single Source
• Many detectors

• How to reconstruct?

• Re-binning!
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Fan Beam CT

• Single Source
• Many detectors

• How to reconstruct?

• Re-binning!
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Sampling of Continuous Time Signals (Ch.4)

• Sampling:
–Conversion from C.T (not quantized) into D.T 

(usually quantized)
• Reconstruction

–D.T (quantized) to C.T
• Why?

–Digital storage (audio, images, videos)
–Digital communications (fiber optics, cellular...)
–DSP (compression, correction, restoration)
–Digital synthesis (speech, graphics)
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Sampling of C.T. Signals

• Typical System:

Jojrt/1/ 

c h. Lf _$" (l"'WJJ,'Yij 

so h-lf21'1 q Con ll'er> ; UK F rQ)'Y) cr. ( hof rM It] eJ ) 
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RecoYJdr.ucf io'vl. : D -T ( iJfd) fv C.T 

( 0 _ Mf) __ HO. 
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ADC A/o -- ---- _......._ ......_, 
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xs(t) = · · ·+ xc(0)�(t) + xc(T )�(t� T ) + · · ·

xs(t) = xc

1X

n=�1
�(t� nT )
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Ideal Sampling Model--------
I 

X/f') > tc/E} "' ;£ CYIJ (nT) 

.X[n] 
:xcff.) 

-/; 

t 

::xjV :: .f• xJ(fitb)-r :X/T)&t!-r) + .. _ 
= x,· S:_ !SO-nr) 

}1::::. -C><J 
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JxCn] l 

;_s )c_(rJ n}ule/ fv tn frecF Jorv,a 1n( 
. r - , 
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... 

t
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x[n] $ xs(t) $ xc(t)
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Ideal Sampling Model

xs(t) = xc

1X

n=�1
�(t� nT )

• Not physical: used for modeling & derivations

• How is x[n] related to xs(t) in freq. domain?
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Frequency Domain Analysis
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JxCn] l 

;_s )c_(rJ n}ule/ fv tn frecF Jorv,a 1n( 
. r - , 

• c.:r. X 5 fjJL)"" 'if J:c Cn"l:)e 
- , _j-wtt 

;:x_ [nj ' _){ ( Z.x[hj e 
l'l 

-Z-( ..w'1) J:.s q SL) =. $. ri·j, L-.j)]' 

... 

22

M. Lustig,  EECS UC Berkeley

Frequency Domain Analysis
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xs(t) = xc(t)
X

n

�(t� nT )

| {z }
,s(t)
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Frequency Domain Analysis

• How is xs(t) related to xc(t)?
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Frequency Domain Analysis

• How is xs(t) related to xc(t)?

_ 1-I'O<? X, If) lh f{. doM ,H.
7 @ 

= Y:cU)· Z... !f{f-nT) 
_9. s ( f') 

XA!:l)= 4 'L XJj (.Q-b__,)) 
-t.<J 

... 
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Frequency Domain Analysis

• How is xs(t) related to xc(t)?

_ 1-I'O<? X, If) lh f{. doM ,H.
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= Y:cU)· Z... !f{f-nT) 
_9. s ( f') 
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Frequency Domain Analysis

_ 1-I'O<? X, If) lh f{. doM ,H.
7 @ 

= Y:cU)· Z... !f{f-nT) 
_9. s ( f') 

XA!:l)= 4 'L XJj (.Q-b__,)) 
-t.<J 

... 

• Replication of Xc !
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Frequency Domain Analysis
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Aliasing

..,. 
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L • • 
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Reconstruction of Bandlimited Signals
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Reconstruction in Frequency Domain

):) 6) N,_lj-fl.) I ,_,::x_'r_[t) __ __, , 
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Reconstruction in Time Domain

):) 6) N,_lj-fl.) I ,_,::x_'r_[t) __ __, , 
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Reconstruction in Time Domain·_ .. !M __ Oo}v,oJn_ 

:XsffJ 00-nT) )Mh/f) = 

== Z. J,)_f- J1T) 
YL 

\ -· 
/ ) 

r . l 
· T T 

// )JI) 
oiJvv-W;J.e 

. I 

33

M. Lustig,  EECS UC Berkeley

Aliasing
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