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IK-medoids Based Aircraft Fuel Consumption Clustering Algorithm
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Abstract To analyze the aircraft fuel consumption in given external environment, this paper proposed a neighborhood
search K-medoids clustering algorithm (IK-medoids) based on the maximum distance method. According to the idea
that the sample points with the farthest distance cannot be divided into the same cluster, the maximum distance method
is used to select the initial center. And then, the center neighborhood is determined by the standardized Euclidean dis-
tance between the initial center and rest samples. What’s more, the regeneration of initial center is conducted by the
proposed nearest neighbor searching strategy.efficiently reducing the iteration time. The contrast experiments were con-
ducted on datasets with different size of the same aircraft model and flight segment,so as to classify the fuel flow data
according to the gross weight,cruise altitude, flight distances and flight environment. The results demonstrate that the
proposed IK-medoids algorithm outperforms common K-medoids algorithms,and provides a new angle for further analy-
sis on the fuel consumption in flight process.

Keywords K-medoids clustering algorithm, Maximum distance method, Standard euclidean distance, Nearest neighbor

searching strategy,Fuel consumption classification, QAR data
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Table 2 Clustering effect of investigated clustering algorithms on different scale datasets

. &R EE fit Bk A/ s
HAR KD - - - - 5
100 4 £) 100 215 415 700 10003 4 %) 100 215 415 700
Num-Kmedoids 3.514 4.091 8. 842 11.435 29. 485 13.564 12.333 63.483  180.755  443.008
d-Kmedoids 3.716 3.674 5. 046 12.779 14.162 14.941 14. 870 45.954 89. 168 86. 838
IK-medoids 3.299 3.310 4.687 6.439 8. 687 4.480 4.678 12.016 21.770 27.051
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