
https://boracchi.faculty.polimi.it/










Powered by











𝑁 

𝑋 = { 𝑥1, 𝑦1 , … , (𝑥𝑁, 𝑦𝑁)}

𝑦 = 𝑚𝑥 + 𝑞

𝑚, 𝑞



𝑁 

𝑋 = { 𝑥1, 𝑦1 , … , (𝑥𝑁, 𝑦𝑁)}

𝑦 = 𝑚𝑥 + 𝑞

𝑚, 𝑞

𝑟𝑖 = 𝑦𝑖 − 𝑚𝑥𝑖 − 𝑞 k,…

𝑟𝑖 = 𝑦𝑖 − 𝑚𝑥𝑖 − 𝑞

(𝑥𝑖 , 𝑚𝑥𝑖 + 𝑞)

(𝑥𝑖 , 𝑦𝑖)



𝐸 = ෍

𝑖=1

𝑁

𝑟𝑖
2 = ෍

𝑖=1

𝑁

𝑦𝑖 − 𝑚𝑥𝑖 − 𝑞 2 =

𝑟𝑖 = 𝑦𝑖  − 𝑥𝑖  1
𝑚
𝑞 ,  𝑖 = 1, … , 𝑁

𝐸 =

𝑦1

…
𝑦𝑁

−
𝑥1 1

…
𝑥𝑁 1

𝑚
𝑞

2

2

ෝ𝑚, ො𝑞 =  argmin
𝑚,𝑞

𝑌 − 𝑋
𝑚
𝑞

2

2



ෝ𝑚, ො𝑞 =  argmin
𝑚,𝑞

1

2
𝑌 − 𝑋

𝑚
𝑞

2

2

𝜕

𝜕𝜃

1

2
𝑌 − 𝑋𝜃 2

2 = 0, 𝜃 =
𝑚
𝑞

𝜕

𝜕𝜃

1

2
𝑌 − 𝑋𝜃 2

2 =
1

2
2𝑋⊺(𝑋𝜃 − 𝑌)

𝑋⊺ 𝑋 መ𝜃 − 𝑌 = 0 → መ𝜃 = 𝑋⊺𝑋 −1𝑋⊺𝑌





𝑁 

𝑋 = { 𝑥1, 𝑦1 , … , (𝑥𝑁, 𝑦𝑁)}

𝑎𝑥 + 𝑏𝑦 + 𝑐 = 0

𝑎, 𝑏, 𝑐

𝐸 = ෍

𝑖=1

𝑁

𝑎𝑥𝑖 + 𝑏𝑦𝑖 + 𝑐 2

𝑟𝑖 = 𝑎𝑥𝑖 + 𝑏𝑦𝑖 + 𝑐

k,…

𝑎𝑥𝑖 + 𝑏𝑦𝑖 + 𝑐

𝑎2 + 𝑏2

(𝑥𝑖 , 𝑦𝑖)



𝑁 

𝑋 = { 𝑥1, 𝑦1 , … , (𝑥𝑁, 𝑦𝑁)}

𝑎𝑥 + 𝑏𝑦 + 𝑐 = 0

𝑎, 𝑏, 𝑐

𝐸 = ෍

𝑖=1

𝑁

𝑎𝑥𝑖 + 𝑏𝑦𝑖 + 𝑐 2



𝑁 

𝑋 = { 𝑥1, 𝑦1 , … , (𝑥𝑁, 𝑦𝑁)}

𝑎𝑥 + 𝑏𝑦 + 𝑐 = 0

𝑎, 𝑏, 𝑐

𝐸 = ෍

𝑖=1

𝑁

𝑎𝑥𝑖 + 𝑏𝑦𝑖 + 𝑐 2

𝑎2 + 𝑏2.



𝐸 =
𝑥1 𝑦1 1

…
𝑥𝑁 𝑦𝑁 1

𝑎
𝑏
𝑐

2

2

መ𝜃 = argmin
𝜃

𝐴𝜃 2
2 , 

𝜃 = 𝑎; 𝑏; 𝑐 𝜃 2 = 1
𝜃 

መ𝜃 = argmin
𝜃

𝐴𝜃 2
2 , subject to 𝜃 2 = 1

𝜃 = 𝑉(: , end) 𝐴 = 𝑈𝐷𝑉⊺





→ ∞



𝐸 =  ෍

𝑖=1

𝑁

𝑓(𝑟𝑖) , where 𝑓 𝑟𝑖 = 𝑟𝑖
2

𝑓

0



መ𝜃 = argmin
𝜃

෍

𝑖=1

𝑁

𝜌 𝑟𝑖(𝜃 )

𝜌

𝜌

http://www.diegm.uniud.it/fusiello/index.php/Visione_Computazionale


𝜃

෍

𝑖=1

𝑁

𝜌′(𝑟𝑖)
𝜕𝑟𝑖

𝜕𝜃𝑗
 = 0,  𝑗 = 1, … , 𝑀



𝜌
(𝑟

)
𝑤

(𝑟
)

𝑟

𝑟

http://www.diegm.uniud.it/fusiello/index.php/Visione_Computazionale




• 𝜖 > 0

• ሚ𝑓

ሚ𝑓(𝑟𝑖) = ቊ
1,  𝑟𝑖 ≤ 𝜖
0,  𝑟𝑖 > 𝜖

መ𝜃

መ𝜃 = argmax
𝜃

෍

𝑖=1

𝑁

ሚ𝑓 𝑟𝑖 𝑥𝑖 , 𝜃



CS 𝜃, 𝜖 = 𝑥𝑖  | 𝑟𝑖 ≤ 𝜖 

𝑟𝑖 = 𝑟 𝑥𝑖 , 𝜃
𝜃 𝑥𝑖

CS 𝜃, 𝜖
𝜃



CS 𝜃, 𝜖 = 𝑥𝑖  | 𝑟𝑖 ≤ 𝜖 

𝑟𝑖 = 𝑟 𝑥𝑖 , 𝜃
𝜃 𝑥𝑖

CS 𝜃, 𝜖
𝜃

























𝑆

𝜖:

𝑛 𝑘𝑀𝐴𝑋

𝑛 𝑛 𝑝 𝑝 =
0.99



𝑛

𝑒  1 – 𝑒

𝑠 (1 − 𝑒)𝑠

𝑆 1 − (1 – 𝑒)𝑠

𝑆

𝑛

1 – (1 − 𝑒)𝑠 𝑛

𝑛

1 − 1 – (1 − 𝑒)𝑠 𝑛

𝑛 𝑝

𝑝 = 1 − 1 − (1 − 𝑒)𝑠 𝑛 → 𝑛 = log 1 − 𝑝 /log(1 − (1 − 𝑒)𝑠)



𝑛
𝑝 = 0.99 𝑒

𝑛 = log 1 − 𝑝 /log(1 − (1 − 𝑒)𝑠)

proportion of outliers 𝑒
s 5% 10% 20% 25% 30% 40% 50%

2 2 3 5 6 7 11 17

3 3 4 7 9 11 19 35

4 3 5 9 13 17 34 72

5 4 6 12 17 26 57 146

6 4 7 16 24 37 97 293

7 4 8 20 33 54 163 588

8 5 9 26 44 78 272 1177
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• fit_line_ols 

• fit_line_DLT

demo_robustmf_TODO and test 

robustness to outliers
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