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Aircraft fuel consumption prediction method
based on BP neural network optimized by genetic algorithm

Z0U Chunling, XIONG Jing, LIU Chao, YAN Yu

(School of Air Transportation, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] Accurate prediction of aircraft fuel consumption can effectively reduce environmental pollution, save fuel energy, and
reduce operating costs for airlines. In order to improve the prediction accuracy of aircraft fuel consumption, the ground speed,
longitudinal acceleration, vertical acceleration, wind speed, wind direction, tilt angle, airspeed and air pressure height with greater
influence on aircraft fuel consumption are selected from the QAR data by principal component analysis method, and an aircraft fuel
consumption prediction method based on genetic algorithm optimization backpropagation neural network is proposed. A predictive
model is established through Matlab simulation software, and a verification experiment is conducted based on the QAR data of the
aircraft descent phase of an airline. Experimental results show that compared with the traditional BP neural network, the model
predicts the effect more accurately and the prediction performance is better.
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Fig. 1 Three-layer BP neural network structure diagram
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Fig. 2 BP neural network training flowchart
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Fig. 3 GA-optimized BP neural network flowchart
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Analysis of the principal components of aircraft fuel
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Tab. 1 Data before partial normalization
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319 -0.003 90 0.977 49 239.06 -1.93 269.88 18 556 4613
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Tab. 2 Partially normalized data ( keeps two decimal places)
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Tab. 3 BP neural network parameters settings
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Fig. 5 Prediction results of BP neural network
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Fig. 6 Prediction results of GA—optimized BP neural network
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Tab. 5 Comparison of model prediction errors
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