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Lines in 2D
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% Equationjof a line in 2D

y=mx-+c
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Line Fitting
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Which of the two lines
better represents the data?
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Degree of Fit ,

Mean Squared Error (MSE)
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Least Squares Fitting (2D Lines)

Given
(le 3’1); (Xz, }’z), B’ (xn» Yn)

Estimate m and b to setup the 2D line
y=mx-+¢c

By minimizing MSE /

n
1 2
€ = —Z(Yi — (mx; + Ci))
ni=1 ‘ '

I Model prediction
Ground truth
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Linear Regression

Going beyond 2D
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Line Fitting

Yi

y

1D features: x

Ground truth: y

0.0 Model

y=mx+c (Line)

y =w;x +w, (Re-write)

LY
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2D Features

C;: = @{ - (W, %1 + Wx; + Wo )

y-axis
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2D features: (x4, x;)

Ground truth: y PMM&Y‘(

Model
Yy = W)X, + W1X1 + Wy
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2D Features

CSClI 4220U - Faisal Z. Qureshi

2D features: (x4, x;)
Ground truth: y

Model
Y = WyXy + WX + Wy
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Fendw s’
Linear Models in Higher Dimensions

v A
Y = WgXg + 0+ WoXxy +WiXxy + Wy
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Linear Models in Higher Dimensions

V= WpX, + 0+ Wyxy, +Wixy + Wy

2D line fitting is a special case

0
V= WwpX WyXy + WiXx1 + Wy

y=wix, +wy

y=mx-+c
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Linear Regression

Given

(X1,y), (X3 ,¥),,(%y,y) where X; € R?

Fit
YV =WgXg+ -+ Wyrx, +wixs +wy



Total least squares

As opposed to ordinary least squares
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Back to Lines in 2D

(X1, Y1)

(x2,¥2)

CSCl 4220U - Faisal Z. Qureshi



Lines in 2D

Construct the
equation of a line
given a point and a
normal vector

»
>

(x1,¥1)
°®

n=(n, le)
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Total Least Squares vs Ordinary Least Squares

m Errorsin X ErrorsinY Distance minimized

Ordinary least squares Vertical

Total least squares Yes Yes Perpendicular
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Model fitting



Outliers
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Least squares estimate is

sensitive to outliers
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Robust Least Squares

2
ple, o)

p(E,O’) — €2 —|—O'2
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Scale parameter
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Robust Least Squares

4 4
6 &
8 8
10 10
12 12
[ T R R 5 4 2 0 2 3 5 R T T p— 5 4 2 0 2 3 5 e 0 5 4 % o 5 5 5
When scale is just When scale is too small, the When scale is too large, the
right, the effects of error value for almost all system behaves like good old
outliers are eliminated points is the same. This least squares, i.e., it remains
results in a poor fit. sensitive to outliers.
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Incomplete data

Hidden data

©)

©)
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Hidden data

Not available at the time
of model fitting
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Summary

* Line fitting in 2D
* Least squares
* How to deal with outliers?



Minimizing € = ?:1(371' — (mx; + Ci))z
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: 2, :
Re-write € = ?:1(3’1’ — (mx; + Ci)) in Matrix Form
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