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where g = e2-2 > 1. Consequently,

T g 1 us
It is usually the case that se(N) > 0, then the
absolute total error is bounded by,

(A-15)

1
sae(N) < gﬂi(yw)f ga.

A-16
(A-16) 1ty

In the worst case where N = 1 and 7 — 0, the absolute
total error is bounded by, sae(N) < \/Fo.
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