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I ntroduction Finally, we show that these graphs contain a great deal

One of the challenges of cognitive modeling is to reduce?f periodicity as drivers follow common patterns such as
the representational complexity of real-world behaviaiad ~ changing lanes, following the curve of a road, and checking
mains. Ideally we would like a data-driven approach that carh€ rear view mirror. We apply object recognition algorithm
analyze behavioral data and extract abstract and repeesentO extract the canonical sets of lane changes and lane keeps
tive patterns from these data. The fields of pattern recognivhich best represent typical driver behavior (Denton et al.
tion and computer vision have similar problems in reducing2004a, Denton et al., 2004b).

complexity, and we hope to apply some of their algorithms to

study human cognition. We have begun work in this direction
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