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Depth es$mate from blur by focusing 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  Geometrical op$cs 
(image forma$on 
process) 

  Thin lens model 

  v > v0 
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u =
fv0

2Rf/L + v0 − f

An expression similar to this 
would be easily derived for the 
case v < v0 
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u =
fv0

2Rf/L + v0 − f

? 
Depth 

from focus  
(DFF) 

Find the sensor plane posi:on (v0) 
that  leads  to  a  sharply  focused 
image, i.e. R = 0 

•    Op$mize  a  cost  func$on  that 
depends  on  the  amount  of  blur 
present in image points of interest  

u =
fv

v − f

Depth from 
defocus  
(DFD) 

Es:mate  R  by  measuring  the 
amount  of  blur  present  in  image 
points of interest 

•   Express  the  defocused  image  (Id) 
as  the  convolu$on  of  the  focused 
image (If) with the PSF (h) 

•    Retrieve  the  PSF  from  the 
defocused image: solve an ill‐posed 
inverse problem 

Id(x,y)=
∫ ∞

−∞

∫ ∞

−∞
If (α,β)h(x−α,y−β)dαdβ

R 

Depth 
from focus  

(DFF) 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System goal: es$mate the depth of a target 

maximize the image gradient magnitude across lines orthogonal 
to the target boundary (ac$ve contours) 

Cost 
func:on 


 

min
fs

g(fs) g(fs) =
1

1
Nl

Nl∑
i=1

max
(x,y)∈li

|∇Ifs(x, y)|

The formula$on of this problem as the minimiza$on of g(fs), instead of the maximiza$on 
of its denominator, is related to the model that will be proposed for this func$on 

•  fs    ‐ focus seMng 
•            ‐ image acquired with focus fs 
•  (x, y)  ‐ image point coordinates 
•  li      ‐ i‐th line 
•  Nl    ‐ number of lines 

Ifs
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g(fs) =
1

1
Nl

Nl∑
i=1

max
(x,y)∈li

|∇Ifs(x, y)|
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g(fs)

fsfs1 fs2 fs4 fs5fs3 = f∗
s
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fs1 fs2
fs4 fs5fs3 = f∗

s
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Data available is scarce (the acquisi$on of new images is $me‐consuming) 

 Moving target  

 It is difficult to find the focus that minimizes the cost func$on in real $me 

Minimize 
the cost 
func:on 


 

g(fs) = a(fs − f∗
s )2 + b

•  es$mate: a, b,      (3 unknowns) 
•      ‐ focus value that minimizes 
the cost func$on 

f∗
s

f∗
s

g(fs) = a′f2
s + b′fs + c′ a′ = a

b′ = −2af∗
s

c′ = af∗
s

2 + b
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min
x

||Ax− b||2

f∗
s = − b′

2a′
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model

measurements

(u = const.) 

solved using: least squares 
method (op$mal when the 
measurements are corrupted 
by white Gaussian noise) 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f∗
s u

2 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MMAE 
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