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Figure 1. The workflow of our visual alignment approach.
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alignment (FB) in [26] with the original RANSAC matching and
with our fast assignment solver in Sec. 4.2.
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Figure 4. Comparison of the MST and Dijkstra algorithms for the
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erage image of MST, right: Dijkstra).
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Table 2. The Labeled Faces in the Wild face verification bench-

mark [ 7] with aligned images.

Alignment Avg. Accuracy
Original images 57.1%
Congealing [17] 64.2%
Direct (Ours) 53.6%
Dijkstra’s (Ours) T1.4%
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