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icht Qtering is affected by the number of historical bookings and various external
to capture the different influence grade of the number of flight history bookings
ecoder structure can capture the relationship between the external complex factors
uence. The residual design is introduced to accelerate the convergence speed of the

t explosion problem. This paper proposes an algorithm for predicting the flight catering

backups quantity based on attention mechanism. Taking MAPE (Mean Absolute Percentage Error) as the evaluation index,
the empirical studies on real flight passenger datasets show that compared with the traditional statistical methods, machine
learning methods and deep learning methods, the proposed algorithm reduces the error by 2.19%, 0.42% and 3.02%,
respectively.
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Fig.1 Change curve of the number of people on a

certain flight
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ig.3 Diagram of attention mechanism
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