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Assumption
That the surface frontal field is a good proxy for upper ocean dynamics.
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Evaluation

e @ The statistic that we use to evaluate HYCOM is the probability of finding
illon a front in a given region

H @ The frontal probability is defined by:

Zf\i 1Front;
y N Clear;

o iis over all pixels in a spatial and temporal region,
e Front; is 1 if the pixel is a front pixel, 0 otherwise and
o Clear; is 1 if the pixel is clear, 0 otherwise.

@ To obtain good statistics, probabilities are calculated for:
@ 16 x 16 pixel regions

o For all fields in 2004; one per day.
o le, N=16 x 16 x 366 = 93,696.
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Some similarities, but big differences, especially in the center of the gyre.
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@ The cloud field varies significantly over this region.
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@ We correct for cloudiness by dividing by the number of clear pixles,
@ But the edge detection algorithm relies on histograms
@ To calculate a histogram

@ More than 10% of the pixels must be clear, and

o At least 25% of the clear pixels must be in smallest population.
e Many 16x16 pixel regions with some clear pixels will fail these tests.

@ Clouds will result in fronts not being detected at clear pixel locations.

@ The fronts found are still good, but the algorithm underestimates
probabilities.
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