MapScore: A Portal for Scoring Probability Maps
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Abstract

Wilderness searches consume thousands
of man-hours and millions of dollars per
year. Timeliness is critical. After 24 hours,
survivability drops by about 20%. Good
probability maps could greatly speed
intensive searches.

MapScore (mapscore.sarbayes.org)
provides a web-based portal for scoring,
comparing, and improving models of lost
person behavior — or any 2D probability
map where ground truth is known.

Researchers receive case data and
upload maps which are then scored
according to the actual find location.

Cases come from the International
Search & Rescue Incident Database
(ISRID). MapScore now uses 100 of the
thousands of available ISRID cases.

Wilderness Search and Rescue
(WiSAR) is decades behind maritime
search, and there are no theoretically
sound tactical decision aids, in part
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Static Models of
Lost Person Behavior

We can generate probability maps directly from Koester’s (2008)
statistical summary of the International Search and Rescue
Incident Database. These statistical models are based on actual
find location and assume that the lost person is stationary
during the search. Sarow (2011) created ArcGIS models for
Yosemite National Park. We modified them for MapScore.

BYU Motion Model Metric

Our probability maps are scored using Rossmo’s R, which ranges
from -1 (bad) to 1 (good). Roughly, ris the proportion of pixels with
probability > that of the find location, and R rescales it to [-1,1] with
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Preliminary Results

Only the static models have enough cases for reliable
measurements. Of these, the Distance, Elevation, and DELL perform
similarly, while Land Classification and Linear Features lagging.

One can also generate probability maps with Monte Carlo
simulations of wandering behavior — a motion model. Potentially

Colleagues at BYU estimated separate
transition probabilities for terrain,
vegetation, and elevation changes, and
created a motion model assuming these
transitions are independent, and run the
simulation on a large hexagonal grid.
The resulting probabilities maps diffuse
over time, according to land features.

The image on the left combines
two basic models: the Distance
from Initial Planning Point (IPP) and
the Elevation Change from (IPP).
The Distance from IPP model
depicts the 25%, 50%, 75%, and
95% distance rings from the IPP. In
all the images, higher probabilities
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are brighter. The Elevation Change assigns different
probabilities to cells based on both distance from IPP and
whether the cell is uphill, downhill, or at the same elevation as
the last known point. W‘
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is calculated , and reported as the DELL
model (for Distance, Elevation,
Landover, and Linear features.)

information, users create a probability map by whatever means
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