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Abstract: Mean square error (MSE) and mean absolute error (MAE) are usually used to train traditional
multi-output deep neural networks in missile aerodynamic coefficient prediction. However, in the case of
small sample size and no physical equation constraint, the constraint between MSE and MAE on missile
performance coefficient and the distinction between different missile samples will be reduced. A K nearest
neighbor large margin (KNNLM) loss function based on deep metric learning is proposed. The method uses
the margin constraint to push the output samples with large differences away, and close the similar output
samples. Taking the aerodynamic shape and working condition parameters of the missile as input and four
aerodynamic coefficients as output, MSE, MAE and KNNLM are used for experimental comparison in
backpropagation neural network (BPNN) and multi-task neural network (MTLNN). The experimental
results show that compared with MSE and MAE, KNNLM can improve the accuracy by 14.44% and
16.35% at most, and 3.72% at least in BPNN and MTLNN. And the KNNLM can better distinguish the
missile samples in the case of fewer samples and no physical knowledge constraint, so that the prediction

accuracy of the deep neural network model is higher and the robustness is stronger.
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Fig.1 Triplet loss of deep metric learning
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Table 2 Differences in geometric parameters of four

types of missiles m
¥ LF CRF CTF BKF BF
1 1.5936 0.0564 0.0276 0.0288  0.084
2 1.608 0.042 0.042 0 0.084
3 1.53 0.12 0 0.12 0.06
4 1.566 0.084 0.036 0.048 0.06
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£ MAE 51 2% pR BRI 45 B 10 W 26 254 19 B A
RMSE {8 43 % 2 0.072 41.0.037 08 F1 0.029 69,

B & AR B 3, A MISE 938 2% R B0d 2
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Table 3 Network structure exploration of BPNN

B B BEA L 4 245 2% ) RMSE ||tk %l FEA KL o0 24 25 4 RMSE
(32,16,8,4) 0.096 15 (32,16,8,4) 0.099 87
(64,32,16,8,4) 0.089 39 (64,32,16,8,4) 0.072 65
500 (128,64,32,16,8,4) 0.090 27 500 (128,64,32,16,8,4) 0.078 68
(128,64,32,16,4) 0.074 52 (128,64,32,16,4) 0.072 41
(256,128,64,32,4) 0.084 28 (256,128,64,32,4) 0.082 41
(32,16,8,4) 0.049 42 (32,16,8,4) 0.053 81
(64,32,16,8,4) 0.042 96 (64,32,16,8,4) 0.039 87
_ (128,64,32,16,8,4) 0.040 55 MAE 1500 (128,64,32,16,8,4) 0.054 20
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Table 4 Experimental results of RMSE value of different methods

A%  MSE_BPNN  MAE_BPNN KNNLM_BPNN

MSE MTLNN MAE MTLNN KNNLM MTLNN

500 0.074 52 0.072 41 0.063 76 0.077 24 0.078 51 0.065 67
1500 0.038 16 0.037 08 0.032 81 0.043 21 0.044 89 0.037 78
2500 0.026 59 0.029 69 0.025 60 0.028 93 0.030 69 0.025 79
%5 KNNLM %ftk MSE #1 MAE & ERFA B 5T b
Table 5 Accuracy improvement percentage of KNNLM compared with MSE and MAE %
- BPNN MTLNN
KNNLM _MSE KNNLM _MAE KNNLM _MSE KNNLM _MAE

500 14.44 11.95 14.9 16.35

1 500 14.02 11.52 12.57 15.84

2 500 3.72 13.78 10.85 15.97
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