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Abstract To reduce the negative impact of aircraft fuel consumption statistical inference accuracy caused by the data

missing,an estimated method based on standardized Euclidean distance was proposed to solve the fuel flow data missing

problems. The nearest neighbors were chosen by the standardized Euclidean distance between QAR data samples. and

then entropy was utilized to obtain the weight of the nearest neighbors. The missing value was estimated by the weigh-

ted average fuel flow of the nearest neighbors. Experiments prove that this method is valid to process fuel consumption

data missing problems,and its performance is higher than the other imputation methods based on normal Euclidean dis-

tance, Mahalanobis distance or reduced relational grade.
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