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COMPUTATION BOTTLENECK
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LUCAS-KANADE
1. Warp the target image 1(W(x; p))

2. Compute the error image T(x)— (W (x; p))

3. Warp the gradient image VIW(x; p))
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COMPOSITIONAL ALIGNMENT

1. Compute Jacobian %

2. \Warp the target image 1W(x; p))
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9. Goto 2 unless |ap|<e
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COMPOSITIONAL ALIGNMENT
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INV. COMPOSITIONAL ALIGNMENT
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4. Warp the gradient image VT(x)

5. Compute steepest descent images vT %—Vg

. oW ) (o OW
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9. Goto 2 unless ||ap|<e



BMS Point Error
= = ho
= M W

= Forwards Additive

= Forwards Compositional
¥ Inverse Additive

=3 |nverse Compositional

2 4 6 8 10 12 14
lteration

(e) Example Convergence for an Affine Warp

RMS Point Error
]
on 1%] on (o] [#)]

mdd= Forwards Additive
== Forwards Compositional
=X = Inverse Compaositional

lteration

(f) Example Convergence for a Homography



Table 5. Timing results for our Matlab implementation of the four algorithms in milliseconds. These
results are for the 6-parameter affine warp using a 100 x 100 pixel template on a 933 MHz Pentium-IV.

Step 3 Step 4 Step 5 Step 6 Total
Pre-computation:
Forwards Additive (FA) — - - — 0.0
Forwards Compositional (FC) — 17.4 - - 17.4
Inverse Additive (IA) 8.30 17.1 27.5 37.0 89.9
Inverse Compositional (1C) 8.31 17.1 27.5 37.0 90.0
Stepl Step2 Step3 Step4 Step> Step6  Step7  Step8  Step9  Total
Per iteration:
FA 1.88 0.740  36.1 17.4 27.7 37.2 6.32 0.111 0.108 127
FC 1.88 0.736 8.17 — 27.6 37.0 6.03 0.106  0.253 81.7
[A 1.79 0.688 - — — - 22 0.106  0.624 9.43
IC 1.79 0.687 - — — — 6.22 0.106  0.409 9.21
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