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Abstract

Abstract: A new algorithm of image classification based on the sparse autoencoder and the support
vector machine was proposed in view of the drawbacks that the single layer sparse autoencoder for
feature learning is easy to lose the deep abstract feature and the features lack the robustness. The deep
sparse autoencoder is constructed to learn each image layer and the feature of each layer is
automatically extracted. The each feature weights and the reorganized set of feature are obtained
according to the feature weighting method. By combining the strong global search ability of genetic
algorithm and the excellent performance of support vector machine, the image classification is
completed efficiently and accurately. The experimental results show that the proposed algorithm can
automatically learn the deep feature of the image, and the reorganized feature has high feature
discrimination ability, which effectively improves the accuracy of image classification.
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Abstract: 4 new algorithm of image classification based on the sparse autoencoder and the support
vector machine was proposed in view of the drawbacks that the single layer sparse autoencoder for feature
learning is easy to lose the deep abstract feature and the features lack the robustness. The deep sparse
autoencoder is constructed to learn each image layer and the feature of each layer is automatically
extracted. The each feature weights and the reorganized set of feature are obtained according to the
feature weighting method. By combining the strong global search ability of genetic algorithm and the
excellent performance of support vector machine, the image classification is completed efficiently and
accurately. The experimental results show that the proposed algorithm can automatically learn the deep
feature of the image, and the reorganized feature has high feature discrimination ability, which effectively
improves the accuracy of image classification.
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Tab. 3 Classification performance of the CIFAR-10 datasets
and comparison with existing methods

R ITIE % 532K 1) /min
CDBN[ 75.90 15.38
SDAE®* 71.11 14.03
SAE-SVM 69.89 16.64
DBN 65.61 15.95
DSAE-SVM(GA) 79.25 10.62

4 ER[FEIJTEEALE MNIST #0308 2 _E 14> 251k
RELLE, R [l BF & 4 T T
. WNFRPRTLUE H, HATrREVERT MNIST
HOH R I UG o R UE i R e IA B 97% L I,
DSAE-SVM(GA) 7 MNIST 34 221 ¥4 25 HEff %
By AR T 00 4> R UER % . AR ST VE S SOk
[8IAHEL, ASSCHT VLMo HErf R 425 7 0.15%, 4
KN 214640 T 2.7 min, Hb DBN J7 i3 2K uiff %
PR T 1.92%, REMIZA4ERT 3.5 mine T
M 19 B 2w A2 0 5 A B AEE R, Hast R 5%
W AEIAT I, BEAT 20 A 2ok 5, bR T Sk ikt
FE, MITTZEHE T W4 14 4SSN ] o

F 4 BATITIAE MNIST Bt 2 ) 53 2Pk g LA

Tab. 4 Classification performance of the MNIST datasets
and comparison with existing methods

3.4 AXHBEHAWCHFIEM LR

% 3 JE AN 71 CIFAR-10 045 28 _E 1732
PERELLER, TR —i & W — i B & & Pk
7% 5% . WERPATLLE H, DSAE-SVM(GA)1E
CIFAR-10 i g b1 73 k438 i T Iy vk
(53 HERR A, HA 77200 I T B T oAt v
(2RI ] o ARSC7 A R SCRRIT) R 7 1R 4y e
i 3.35%, {HAr2RIN a2k 4.7 435, 5 3CHR[8]
THOVEAALG, 2 RUER A 8.14%, I3 I (A 204
i 3.4 438l A5 SAE-SVM. DBN J5i2Af L,
IR T 9.36%71 13.64%, [Ay DSAE-SVM(GA)
S JZN BRI TRAIE S 2], 42 H IR REAE AR B
VLR T EBAN R R AR B, PRI B vt
T S it B A5 EL AT AT B 1) 43 Mk

FAESUARIS DEREF% 42K min
CDBN! 99.18 11.08
SDAE® 99.06 10.52
SAE-SVM 97.69 12.96
DBN 97.29 11.14
DSAE-SVM(GA) 99.21 7.79

g b, HIHAWS VR, ATV S RE
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DSAE-SVM(GA) J5 i 143 %5

4 ZEig
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