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Design and Optimization of Deep Convolutional Neural Network
for Aircraft Target Classification
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Abstract Aiming at the problems of low classification accuracy and less classification types in the classification for
aircraft targets by using conventional methods and neural networks, the feasibility of deep convolutional neural
network ( DCNN) models is studied. To match model capacity, avoid overfitting, and improve classification
performance, a nine-layer DCNN model is designed and optimized with stochastic gradient descent optimizer. Six
representative types of aircrafts are selected in the dataset, and two regularization cascade methods are proposed to
prevent overfitting and speed up the model convergence. Finally, an aircraft classification accuracy of 99.1% is
achieved, which demonstrates the effectiveness of the DCNN model in aircraft target classification. By analyzing the
classification results of the normalized confusion matrix, the accuracy of the self-classification of each type of aircraft
is given. In addition, a group of comparative experiments are designed to test the same dataset with the classic
AlexNet. The results show that the proposed DCNN model is superior to the AlexNet classification algorithm with
an accuracy improvement of 95.5% . This model effectively solves the problem of low accuracy in aircraft target
classification at present and proves that the DCNN model has certain reference values and application prospects in
the classification research of military and civil aviation aircraft targets.
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Fig. 1 Six types of aircraft targets are used. (a) Boeing; (b) Cessnal72; (c¢) F/A18; (d) AH-64; (e) C-130; (f) MQ-9
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Table 1 List of aircraft model parameters

Aircraft type Length /m Height /m Wing span range /m

Boeing 46.61 12.92 44.42
Cessnal72 8.28 2.72 11.00
F/A18 17.10 4.70 11.43
AH-64 17.73 3.87 14.63
C-130 29.79 11.66 40.41
MQ-9 11.00 3.80 20.00
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Fig. 2 Effect of aircraft mirroring operation
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Fig. 3 Effect of aircraft rotation operation
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Table 2 Classification and loss performances of networks with different number of convolutional layers

Number of Classification accuracy Loss
convolutional layers No. 1 No. 2 No. 3 No. 1 No. 2 No. 3
Four 0.889 0.891 0.910 0.49 0.80 0.55
Five 0.893 0.895 0.915 0.51 0.66 0.58
Six 0.877 0.869 0.884 0.83 0.84 0.82
Seven 0.858 0.859 0.870 1.38 1.84 1.30
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Table 3 Classification and loss performances for

different pooling methods

Method of pooling  Classification accuracy Loss
Max-pooling 0.907 0.65
Average-pooling 0.843 1.25

e 3 AT LA YL SR FH SR KA Ak 1 43 25 o i
R 90.7 %6 w5 B AR R ST 2 1 3 Ak i Oy 5K
PR, it Ak )2 3 P i K 1 it Ak 7 =X

S E AL R T R FERAS A R AE P i S 51 R
A7 (] W AT N XA R s B A 26 10 X
— 25 IO T e A TE I 13824 4T, 7R
SVEREA T BREE R B R E R S SR

2L Rl 2 TR PRI 512 AN B 1024 A, 43 ik
A7 Sy, LA i A 1) Bl 2 BRI 28 e e . Nk 4
Fizs  BA =2 B2 B 2 oo i o 10241024,
512 1Y £ 454 2 BRI HERf 5 e .l 97.800.
4 R M TCRE FBRE B
73 2V RE N4 2% M RE
Classification and loss performances for the

Table 4

numbers of neurons and hidden layers in fully

connected layer

Numbers of hidden Classification

Loss

layers and neurons accuracy
Two (1024+1024) 0.965 0.15
Two (1024+512) 0.941 0.24
Three (1024+1024+1024) 0.972 0.12
Three (1024+1024+512) 0.978 0.15
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Fig. 4 Structure of proposed deep convolutional neural network
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Fig. 5 Curves of DCNN training performance by adopting different loss functions. (a) Train accuracy; (b) verification

accuracy; (c) train loss; (d) verification loss
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Table 5 Classification performances of different optimizers
Optimizer Classification accuracy
SGD 0.978
Adadelta 0.594
RMSprop 0.349
Adam 0.173
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Fig. 6 Comparison between train_loss and val_loss. (a) Adding BN layers; (b) dropout is 0.5; (c) dropout is 0.5,
and BN layers are added
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Table 6 Classification performances of three
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Method Classification accuracy
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Fig. 7 Normalized confusion matrix of the proposed

DCNN architecture for aircraft classification
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Table 7 Comparison of different methods

Method Classification accuracy
AlexNet 0.955
Proposed DCNN 0.991
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