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Features Selection and Recognition of Potato Typical Insect
Pest Images in Wavelet Domain

XTAO Zhiyun LIU Hong
(College of Electric Power, Inner Mongolia University of Technology, Huhhot 010080, China)

Abstract; In order to recognize potato typical insect pests accurately and quickly, a new feature
extraction and recognition method based on wavelet and space domain was proposed. The processing
object in the method was the segmented image of insect pests separated from complex background by the
two-dimensional Otsu method and morphological method. Aiming at the processing object, totally 12
invariant texture features of high frequency covariance matrix eigenvalues and low frequency lower order
moments (HELM) were extracted from the high frequency images in the horizontal , vertical and diagonal
directions, forming a Gaussian space model, and from low frequency image decomposed by sym8 wavelet
function. Meanwhile, 4 Hu moments with invariant shape features were extracted from the binary image of
the processing object. As thus, 16 pest features were put into support vector machine (SVM) , and the
results of insect pest classification could be obtained. For SVM classifier, the One-vs-One voting strategy
was adopted, and the parameters, including radial basis kernel function parameter, error cost coefficient
and relaxation coefficient were set to 0. 012 5, 60 and 0.001, respectively. By the classification of 8
kinds of pests, on the one hand, using the same SVM method, the test results showed the effectiveness of
proposed HELM feature extraction. Texture features in wavelet domain were traditionally related to single
scale low frequency lower order moments ( SLM ), including the mean, variance and the third order
moment of low frequency image, multiscale low frequency lower order moments ( MLM ) , multiscale high
frequency lower order moments and low frequency lower order moments (HMLM) , and LBP features for
the low frequency image. Texture features in space domain were traditionally related to LBP, PCA and
features based on gray-level co-occurrence matrix (GLCM). Compared with SVM recognition rates of the
traditional texture features in wavelet domain and space domain, it was found that the proposed HELM
feature had a higher recognition rate which were increased by at least 17 percentage points. In addition,
the proposed HELM feature had moderate run time of 11.7 s containing from features extraction of 210

pest images to SVM classification of 8 kinds of typical pests. On the other hand, using the same HELM
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features and Hu moments, the test results showed the effectiveness of the proposed SVM recognition. For

artificial neural network ( ANN), three layers BP network structure was constructed and the sigmoid

transfer function of hidden layer was selected. For Bayes classifier, Gaussian window function was used

for estimating probability density. Compared with ANN run time, containing from the train for 105 pest

images to the test for 105 pest images, the run time of the proposed SVM was 0. 481 s, nearly 2 s less

than ANN. Meanwhile, compared with ANN and Bayes recognition rates, the proposed SVM recognition

rate was 97.5% , increasing at least 6 percentage points.

Key words: potato insect pests; wavelet domain; Gaussian space model; feature selection; image

recognition ; support vector machine (SVM)
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Fig.2 Segmentation process of insect pest images
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Fig.3 Segmentation results of partial insect pests
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Fig. 1 Types of potato typical insect pests
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Fig.4 Wavelet decomposition results of insect pest images
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Tab.1 Features selection of potato typical insect pest images
W BE FHAE FAE 24 B sy G E 953 R %
HEl + LM1 6 68.3
HE1 ~2 + LM1 9 85.5
HEl ~2 + LM2 9 84.3
HEI ~2 + LM1 ~2 12 87.6
HE1 ~3 + LM1 12 92.3
HE1 ~3 + LM2 12 91.6
el HELM $54iF HE1 ~3 + LM3 12 91.1
HEl ~3 + LM1 ~2 15 92.6
HE1 ~3 + LM1 ~3 18 93.8
HE1 ~4 + LM1 ~3 21 94. 8
HE1 ~4 + LM1 ~4 24 95.7
HEl ~5 +LM1 ~3 24 96.9
HEl ~5 + LM1 ~5 30 97.3
. H+S+V 9 46. 6
Hita HSV Bl Ha+s 6 45.8
A+P+C+HIl~7 10 81.8
H1 ~7 7 78.3
H1 ~6 6 77.3
H1 ~5 5 67. 8
) _ . H1 ~4,6 5 74.8
I JUfal & + Hu 4 HI-3.6 A 7
H1 ~2,4.,6 4 72.5
H1,2,6 3 67. 8
H1,3,6 3 64.2
H2,3,6 3 62.6
‘ ] H,S,V+HELM 21 89.4
it + 8o HSV + HELM H,S + HELM 18 90.2
A,P,C+Hl ~7 + HELM 22 96. 6
TR + S0 FE JLfA[ 4 + Hu 4f + HELM H1 ~7 + HELM 19 9. 1
H1 ~3,6 + HELM 16 97.5
Bt + AR + Lo B HSV + Hu 4 + HELM H,S+Hl ~3,6 + HELM 22 95.4
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Tab.2 Comparison results of potato typical insect pest features

. JINUE SRR AT 25 ) S E A SCRRAE
LUIRLRRAE
SLM MLM HMLM LBP81 LBP82 LBP81 LBP82 PCA GLCM HELM
oy A=Y 1 2 3 1 2 3 4 1 2 3 4 1 1 0 0 0 0 3
o iy 3 3 3 3 6 9 12 12 24 36 48 59 59 59 59 12 12 12
SEHIRER /% 5101 48.6 42.1 51.1 55.1 66.9 71.0 58.1 66.0 74.5 77.5 71.0 73.9 67.2 75.1 49.2 71.8 92.3

BATI )/

5.25 6.37 7.05 5.25 6.77 7.24 7.56 10.41 13.5214.90 15.72 11.84 12.52 30.91 32.22 2.72 6.04

11.70
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Tab.3 Comparison results of potato typical insect pest recognition %

HUE R (B )

ik KHEHR &R T ARMS SR e AN REARD I5F Bk
(12) (9) (27) (15) (12) (12) (12) (6)

ANN 91.9 92.7 95.0 98.0 87.8 86.9 93.6 76. 6 91.5

Bayes 97.9 98.9 85.0 98.0 98.3 85.0 77.1 95.0 90.7

A SO 98.3 100 95.9 99.0 94.2 99. 6 97.5 98.3 97.5
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