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System PFM PPR PRR S, Sy

Mauchetal[8] 0.66 0.61 0.77 0.76 0.64
SI-PLCA- ; 060 0.58 0.68 0.61 0.56

SI-PLCA 058 060 059 056 0.59
QMUL [5] 0.54 058 0.53 050 0.57
Random 030 036 0.26 0.07 0.24
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