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Research on loads prediction method of key structure of

aircraft based on neural network
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Abstract: The load prediction based on data used in aircraft plays an important role in the damage analysis and life
prediction of aircraft, which can provide the technical support for the active on—condition maintenance of aircraft.
The forward neural network of machine learning method is used to establish the load model of shear force, bending
moment and torque of the tail wing root of a large transport aircraft. The load calculated by finite element model is
compared. The prediction result of forward neural network is compared and analyzed with that of random forest
method and multivariate linear regression method. The results show that the prediction errors of the neural network
method can satisfy the engineering requirements. The prediction result of forward neural network is superior to that
of the random forest method and multivariate linear regression method, which can provide important technique sup-
port for aircraft structure damage analysis and life evaluation system based on data driven.
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Fig.1 Schematic diagram of the forward

neural network structure
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Fig. 2 R’ and Ey,p of predictions of shear force for the
training function SGD and different numbers of neurons
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Fig. 3 R’ and Ey,p of predictions of shear force for the

training function Adam and different numbers of neurons

Fig. 4 R’ and Ey,p of predictions of shear force for the
training function LBFGS and different numbers of neurons
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Table 1 R*and Ey,p of predictions of shear force for
different training functions and numbers of neurons

M2 SGD Adam LBFGS
M R Eyw/% R Eyw/% R Egyw/%
40 0.6576 46.60 0.4293 79.27 0.8455 3.19
50 0.6826 27.57 0.4813 79.45 0.8670 1.28
60 0.6283 30.35 0.4986 78.00 0.8706 2.28
70 0.6575 25.67 0.5296 78.15 0.8907 1.20
80 0.6238 24.74 0.5582 73.32 0.9558 1.40
90 0.6480 36.20 0.5456 75.71 0.9230 0.92
100 0.5926 25.47  0.5643 73.59 0.9093 1.37
110 0.7964 24.45 0.5940 71.84 0.9027 2.13
120 0.7887 32.59 0.5705 73.61 0.8902 0.82
130 0.6979 41.91 0.5607 74.58 0.8835 1.04
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Fig. 5 Training results of forward neural network and ran-

dom forest method and the fitting results of multivariate

linear regression method for shear force

< IR = BERLRA T i%

— AR S 2\ ACIEpitzn

8977/(10° N)
Lo
[N W P W (3% —
[=) [=) (=) (=) [=) (=)
T T T T T T

0 5 10 20 25 30

15
FEAHCER:
P65 7 T 45 4

Fig. 6 Predictions of shear force
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Fig. 7 Comparison of the relative errors for

predictions of shear force
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Fig. 8 Linear fitting results of the predictions of forward

neural network and the target values for shear force
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predictions of bending moment
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Fig. 12 Linear fitting of the predictions of forward neural
network and the target values for bending moment
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ariate linear regression method for torque
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Linear fitting of the predictions of forward neural

network and the target values for torque
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