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TEL———— LNP LDA 207071 | 307057}
nL, T|U| T|U | T|U| T | U
5 10.497 | 0.491 | 0.420 | 0.412 | 0.481 | 0.486 | 0.506 | 0.499
10 | 0.551 | 0.540 | 0.510 | 0.505 | 0.549 | 0.554 | 0.561 | 0.558
20 10593 | 0.583 | 0.590 | 0.592 | 0.626 | 0.625 | 0.629 | 0.625
30 1 0.621 | 0.603 | 0.630 | 0.634 | 0.662 | 0.660 | 0.667 | 0.661
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