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Abstract
This research develops a fuzzy neurd
network (FNN) incident detection algorithm
to detect non-recurring roadway congestions.
A real incident case is generated on the
freeway mainline and the variations of flow,
density and speed at the adjacent upstream
and downstream detectors are concurrently
observed, which are used to calibrate the
traffic simulation package -- Paramics. In the
circumstance of vehicular detectors spaced

out at one-kilometer apart, we simulate and
evaluate the incident detection performance
under various scenarios combination of
incident taking place in different lanes (inner,
middle, and outer), at different locations
(250, 500, 750 meters from the upstream
detector), and with different severity (one or
two lanes blockage). After trained and
validated, this FNN incident detection
algorithm is tested off-line under the
above-mentioned various scenarios
combination. The results show that average
detection accuracy rate can reach as high as
90%, with average fase alarm rate lower
than 0.05% and average detection time of 78
seconds. In addition, statistic tests conclude
that detection accuracy rate becomes higher
as the incident occurrence spot gets closer to
either the upstream or downstream detector.
Moreover, inner-lane blockage has higher
detection accuracy rate than outer-lane
blockage in the two-lane mainline; while for
the three-lane mainline, two-lane blockage
yields higher accuracy rate than single-lane
blockage.

Keywor ds. incident detection algorithm,
fuzzy neura network, traffic
simulation
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