
Least Squares Matching - 1D Tutorial
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Pixel Number
Carry one (horizontal) shift parameter, and estimate this shift by minimizing the corrections 
to the v-sequence. It is nonlinear so linearize in the usual way and make iterative solution.

Pixel Number



Appproach

•We will carry one horizontal shift parameter

•Could carry also a horizontal scale parameter, a vertical shift parameter, or a vertical 
scale parameter (see following sketches)

•Will write one condition (observation) equation per pixel

•Think of the horizontal axis as pixel number , and the vertical axis as gray level

Th di i i ill b li f i f h hif•The condition equation will be a nonlinear function of the shift parameter

•Linearize by the usual taylor series approach

•This will require solving for a correction rather than the actual parameter valueq g p

•Two important consequences: (a) it becomes iterative, (b) you need a good 
approximation, in this case you need to know the correct alignment (shift) to within a 
“few” pixelsp

•The 2D case is the exact analog of this 1D tutorial, if you understand this, then the 
2D case follows

•Because of the above necessity of good a priori knowledge of the alignment (shift)•Because of the above necessity of good a priori knowledge of the alignment (shift), 
this procedure only works for refinement - not coarse matching

•Good news: the precision of final result can be small fraction (0.01) of a pixel



Show Potential Need for Horizontal Scale Parameter



Show Potential Need for Vertical Shift Parameter



Show Potential Need for Vertical Scale Parameter



Condition (Observation) Equation – First Only with 
Horizontal (Parallax) Shift Parameter
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LSM Condition Equation
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LSM Condition Equation
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LSM Condition Equation
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Least Squares Model
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