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Abstract: The heat transfer mechanism for radiation is directly related to the emission of photons and
electromagnetic waves. Depending on the participation of the medium, the radiation can be classified into two
forms: surface and gas radiation. In the present study, unknown radiation properties were estimated using an
inverse boundary analysis of surface radiation in an axisymmetric cylindrical enclosure. For efficiency, a
repulsive particle swarm optimization (RPSO) algorithm, which is a relatively recent heuristic search method,
was used as inverse solver. By comparing the convergence rates and accuracies with the results of a genetic
algorithm (GA), the performances of the proposed RPSO algorithm as an inverse solver was verified when
applied to the inverse analysis of the surface radiation problem.
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Fig. 2 Flowchart of particle swarm optimization
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Table 1 Comparison of inverse estimation results
Case 2
Estimated Parameter (Tfi3 = 0.5) (Tl*,3 = 0.5, €,,=0.9)
HGA® RPSO HGA"® RPSO
T3 0.49884 0.50011 0.49688 0.50017
(Rel. Error %) (0.232) (0.022) (0.624) (0.034)
T 0.49875 0.50000 0.49755 0.50017
(Rel. Error %) (0.25) (0.00) (0.490) (0.034)
€9 0.89955 0.90013
(Rel. Error %) (0.050) (0.014)
Averaged Relative Error
0.241 0.011 0.388 0.027
(%)
Time (sec) 18.28 14.94 20.59 14.63
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Table 2 Inverse estimation results using RPSO for different measurement errors

Case 1 Case 2
T, .= 0.5 T, 5= 0.5, €, =0.9
Estimated Parameter (73,5 ) (71,5 2 )
, = 0.001 o, = 0.005 ., = 0.001 o, = 0.005
T3 0.49858 0.49265 0.50031 0.49258
(Rel. Error %) (0.284) (1.470) (0.062) (1.484)
T3 0.49957 0.49928 0.50435 0.50292
(Rel. Error %) (0.086) (0.144) (0.870) (0.584)
€9 0.90171 0.89722
(Rel. Error %) (0.190) (0.309)
Averaged Relative Error 0.185 0.807 0.374 0.792
(%)
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