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Table: experimental data

R

measurement data(measured and reconstructed)

lasma mean - Soft X-r. Thomson electron
Eurrent toroidal flux |nterfercin;eter double f?liirered scattering | density FRP
m1[kA] | mo[T] ma[m ] myleV] ms[eV] | mgm—23]
shot:20151207020 60.3 1.67e-2 46.6 761 8.13e18 -0.891
Reconstructed 60.5 1.67e-2 5.37e18 46.6 76.1 8.13e18 -0.872
Relative Error%] -0.20 0.42 -1.3e-2 -9.0e-2 6.0e-3 2.1
shot:20170731007 47.4 1.54e-2 5.02e18 37.3 496 -0.902
RHeconstructed 47.2 1.52e-2 5.13e18 37.2 49.63 7.15e18 -0.885
Relative Error%] -0.457 -1.24 2.19 -0.16 -5.8e-2 -1.9

FRP(Field Reversal Parameter)
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Table: Comparison of the number of iterations and the total
calculation time, and the avrearged calculation time per unit iteration.

averaged
Method number of | total time for
lterations | calculation time | gradient
calculation
Adjoint Method 52 55.777 s 0.138 s
Sensitivity  Method 56 120.15 s 1.223 s
Amoeba Method 446 62.204 s -
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