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Abstract: Deep convolution neural network has demonstrated excellent performance in target detection and rec-
ognition tasks. However, few training samples and optimization design of deep models are two main problems to
be solved when applied to SAR target recognition. This paper proposes an algorithm for SAR target recognition
by combination of two dimensional random convolution features and ensemble extreme learning machines. Firstly,
two dimensional random convolution kernels with different widths are generated, and convolution and pooling op-
erations are performed in input image to extract random convolution feature vectors. Secondly, random samplings
based on ensemble learning theory are done for extracted feature vectors to improve generalization performance
of classifier and reduce training time, and base classifiers are then trained by extreme learning machines (ELM).
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Finally, majority vote method is adopted to combine the classification results of base classifiers. SAR target rec-
ognition experiments based on MSTAR database were performed, and experimental results demonstrate that,
training time has dropped by ten times due to fast training capability of ELM, and the proposed algorithm achieves
comparable classification performance with deep-learning-based methods which use data augmentation and mul-
tiple convolution layers. The proposed algorithm has the advantages of easy implementation and fewer adjustable
parameters, and improves classifier's generalization performance through adoption of ensemble learning ideas.
Keywords: deep learning; convolution features; randomization; extreme learning machine; ensemble learning
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Fig. 1 Flowchart of SAR target recognition algorithm based on random convolution features and ensemble extreme
learning machines
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Table 1 Description of MSTAR database

281 BRDM2 D7 T62 zIL ZSU234 BTR60 BMP2 BTR70 172

131 SN9563 SN9566 SNC21 SNC71d SN132 SN812 SNS7
299 208 299 299 299 299 256 233 / / 233 232 / /
274 274 274 273 274 274 195 195 196 196 196 196 195 191

SAR

281 BRDM2 D7 T62 ZIL131 ZSU234 BTR60

B2 MSTAR # 4% 384 A 5 B 47 SAR BRB x5 T LA B 1%
Fig. 2 SAR images and their corresponding visible images of partial types of targets in MSTAR database
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Table 2 Influence of regularization parameter A on classifica- Table 3 Influence of number of ensemble classifiers on
tion performance classification performance
A AA/% OA/% AA% OA/%
0.01 97.53 97.44 1 96.08 95.71
0.1 97.49 97.28 i 3;-22 3;2
! 95.32 9068 6 97.64 97.48
10 91.30 90.17 8 97.62 97 53
100 88.99 88.29 10 97.49 97.48
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Table 4 Influence of convolution kernel width on classification

[12]

[11] BMP2 T72 ,
performance
A% OAI% 3 ° > 6
3 92.06 92.58 , ,
5 96.82 96.82
7 97.63 97.61 °
9 97.91 97.77 PC . CPU In-
11 97.78 97.69
13 97.73 97.57 tel(R) Core(TM) i5-3230M @2.6 GHz, 12 GB,
NVIDIA NVS5400M, 2 G H
3.2 XInLE 5ttig
SHER TS R Matlab Matlab 2017a,
(standard operating condition, 15 min
SOC) 10 : . .
y 5 s . GPU ° 7
5 6 ° 5 6 [11] [12] o
, 1 ) 7 >
BMP2 T72 3 , o [11] , [12] ,
%5 10 £ B4R ERFIESE (XK [12] BE )
Table 5 Confusion matrix for classification of target with ten classes (Ref[12] s configuration)
2S1 BRDM2 D7 T62 ZIL131 ZSU234 BTR60 BMP2 BTR70 T72 No. 1%
281 266 0 0 3 0 0 1 1 2 1 274 97.08
BRDM2 0 252 0 0 6 0 1 0 12 3 274 91.97
D7 1 1 272 0 0 0 0 0 0 0 274 99.27
T62 1 0 0 268 0 0 0 0 2 2 273 98.17
ZIL131 0 0 0 0 273 1 0 0 0 0 274 99.64
ZSU234 0 0 3 1 0 269 0 0 0 1 274 98.18
BTR60 0 2 0 2 1 0 190 0 0 0 195 97.44
BMP2 0 0 0 0 0 0 0 189 3 4 195 96.43
BTR70 0 0 0 0 0 0 0 0 196 0 196 100
T72 0 0 0 0 0 0 0 3 1 192 196 97.96
AA 97.61
OA 97.57
%6 10 % BARHERALEME (k [11] B E )
Table 6 Confusion matrix for classification of target with ten classes (Ref[11]' s configuration)
281 BRDM2 D7 T62 ZIL131 ZSU234 BTR60 BMP2 BTR70  T72 No. 1%
281 267 0 0 4 0 0 0 2 1 0 274 97.45
BRDM2 3 256 2 0 3 0 0 1 6 3 274 93.43
D7 1 0 272 0 0 0 0 0 1 0 274 99.27
T62 0 0 0 270 0 0 0 0 0 3 273 98.90
ZIL131 0 0 0 0 271 0 0 1 1 1 274 98.91
ZSU234 0 0 2 2 0 270 0 0 0 0 274 98.54
BTR60 0 4 0 2 0 0 189 0 0 0 195 96.92
BMP2 0 0 0 0 0 0 0 525 23 39 587 89.44
BTR70 0 0 0 0 0 0 0 0 196 0 196 100
T72 0 0 0 0 0 0 0 21 9 552 582 94.85
AA 96.77
OA 95.79
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Table 7 Comparison of target recognition performance between the proposed algorithm and deep-learning-based algorithm
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N o o SAR
> SAR >
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%8 EOC-1 &4 TFoLRiFsEs
Table 8 Confusion matrix for EOC-1

/° BMP2 BRDM2 T72 BTR70 1%
S7 15,17 419 12 0 389 18 92.84
A32 15,17 572 16 54 488 14 85.31
T72 AB2 15,17 573 1 33 528 11 92.15
AB3 15,17 573 5 55 501 12 87.43
A64 15,17 573 34 63 422 54 73.65
AA 86.28
OA 85.90
£9 EOC-2 &4 T o RRiAsEk
Table 9 Confusion matrix for EOC-2
281 BRDM2 T72 ZSU234 1%
281 288 272 11 0 5 94.44
BRDM2 287 19 268 0 0 93.38
T72 288 65 54 153 16 53.13
Z5U234 288 4 6 1 277 96.18
AA 84.28
OA 84.27
10 RESEFEa o RERILE
Table 10 Comparison of average classification accuracies for different classification algorithms
SOC/% EOC-1/% EOC-2/%
EMACH®"! 88 77 68
SVME! 90 81 75
AdaBoost?"! 92 82 78
CondGauss®" 97 80 79
IGT®Y 95 85 80
A-ConvNets!"? 99.13 98.93 96.12
RCFEELM-NEW 93.00+ 0.32 97.74% 0.53 91.75+ 0.96
RCFEELM 94.97+ 0.42 83.26+ 2.98 81.95+ 2.61
’ SAR S Mk
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Flowchart of SAR target recognition algorithm based on random convolution features and ensemble extreme learning machines

Abstract: Deep convolution neural network has demonstrated excellent performance in target detection and recogni-
tion tasks, however, few training samples and optimization design of deep models are two main problems to be solved
when applied to SAR target recognition. This paper proposes a fast SAR target recognition algorithm by combination
of two dimensional random convolution features and ensemble extreme learning machines. Firstly, two dimensional
random convolution features are extracted, where kernel widths are randomly selected from the kernel width set, and
random kernels with different widths are generated based on uniform distribution. Convolution and square pooling
operations are performed in the input image to extract random convolution features, and these features are transformed
into vectors and combined to form a high-dimensional feature vector. Secondly, random sampling operations based on
ensemble learning theory are adopted to perform dimensionality dimension to get a low-dimensional feature vector, and
extreme learning machines (ELM), which has the advantages of fast training speed, few adjustable parameters, and good
generalization performance, are used to train base classifiers. Finally, majority vote method is adopted to combine the
classification results of base classifiers to predict the label of the targets. MSTAR database is used to perform SAR target
recognition experiments to verify the performance of the proposed algorithm. The parameters which affect recognition
performance greatly are firstly analyzed, including the number of the convolution kernel, the width of the convolution
kernel, the number of base classifier, and regularization parameter. It can be concluded that, recognition performance
with larger kernel width is higher than that with smaller kernel width, where convolution kernels with small width, such
as 3x3, is mostly often used in deep convolution models to perform visible image recognition. Extreme learning machine
with small regularization coefficient can achieve good generalization capability and improve recognition performance.
SAR target recognition experiments are done under standard operating condition and extended operating conditions,
and experimental results demonstrate that, the overall recognition performances for ten-class targets with and without
distorted configurations are 95.79% and 97.57%, respectively. Meanwhile, the training time has dropped by ten times
due to fast training capability of ELM, and the proposed algorithm achieves comparable classification performance with
deep-learning-based methods which use data augmentation and multiple convolution layers. Finally, the recognition
performance compared with state-of-the-art classifiers are presented. The proposed algorithm has the advantages of easy
implementation and fewer adjustable parameters, and improves classifier’s generalization performance through adoption
of ensemble learning ideas.
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