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Aircraft type prediction based on approximate rough set resolution
classification algorithm
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Abstract: As a traditional data classification algorithm, C4.5 Decision Tree has the advantages of
simple calculation and high accuracy. Due to the fact that aircraft has many parameters and large amount
of data, C4.5 Decision Tree requires multiple sequential scanning of continuous attribute values, but the
classification time efficiency is low. To solve this problem, an approximate rough set resolution
classification algorithm was proposed. Rough set approximation was used to determine the ability of
attributes to divide sample data. According to the probability acquired, the attribute with the largest
resolution was used as the split character to establish the classification decision tree. The algorithm
improved the computational efficiency and reduced the generation of over-fitting problem while ensuring
the accuracy of classification decision. Through comparative experimental analysis of multiple sets of data
samples on UCI (University of California, Irvine) databases, it proved that the PSRP (rough set and
resolving power) algorithm improved the average computational time efficiency by about 10% and

reliability by 2% while ensuring the same accuracy.
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Table 2 Comparison of evaluation indexes for data set classification
— F, NS & WL 205

C4.5 RS-CART RSRP C4.5 RS-CART RSRP C4.5 RS-CART RSRP

heart failure 0.799 7 0.7715 08152  0.2829 0.1862 0.2421 6.78 4.42 3.98

hevdat 0.908 4 0.861 6 0.8925 1.8430 1.044 3 1.0243 7.90 4.82 4.00

user model 0.8954 0.8292 0.906 5 0.204 4 0.176 7 0.1913 5.56 4.54 4.24

liver patient 0.669 3 0.694 2 0.7020 1.6517 0.866 1 0.6875 44.09 6.44 6.39

ionosphere 0.8823 0.8920 0.896 4 1.9100 1.058 4 1.1292 4.52 3.64 3.46

exasens 0.518 8 0.5214 0.541 6 0.078 9 0.066 2 0.073 4 8.02 6.12 6.54

transfusion 0.759 1 0.7775 0.769 5 0.2505 0.1905 0.173 6 17.54 7.96 5.02

wholesale customer  0.889 5 0.899 6 0.906 5 0.8743 0.6317 0.6417 8.62 5.20 4.40

messidor 0.592 4 0.5551 0.6410 39.241 8 7.753 8 6.8217 104.2 10.24 6.6
FIE 0.7683  0.7558  0.7857  5.1486 1.3304 12205  23.0256 59311 49589
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Fig. 5 Approximation value of aircraft type prediction
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Table 3 Comparison of aircraft type prediction

evaluation indexes
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