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Method of Leaf Identification Based on Multi-feature Dimension Reduction

ZHENG Yili' ZHONG Gangliang'® WANG Qiang'> ZHAO Yue' ZHAO Yandong'
(1. School of Technology, Beijing Forestry University, Beijing 100083, China
2. Institute of Electrical Engineering, Chinese Academy of Sciences, Beijing 100190, China)

Abstract: The identification of plant species is an essential part of botanical study and agricultural
production. However, low dimension features cannot describe the leaf information. Thus, it cannot
differentiate varieties of plants, and the accuracy is low. A method of plant species identification was
proposed based on multi-feature dimension reduction. Firstly, color images of plant leaves were
preprocessed by the digital image processing technology. The binary image, gray scale image and texture
image without the petiole, wormhole and background were obtained after the preprocessing. Secondly,
geometric characteristics and structural characteristic were extracted from the binary image. Hu moment
invariants features, gray level co-occurrence matrix features, LBP features and Gabor features were
extracted from the gray scale image. The fractal dimension was extracted from the texture images and
2 183 features were extracted to describe leaf samples in number. Thirdly, the method of combining
principal component analysis (PCA) and linear discriminant analysis (LDA) was adopted to reduce the
feature dimension. Then the feature data of training samples was adopted to train the support vector
machine classifier. Finally, the support vector machine classifier was used to classify the feature data of
test samples. The experiments were carried out on Flavia database and ICL database. The average
accuracy was 92.52% and 89.97% , respectively. The experiments showed that the average accuracy of
the proposed method was better than that of the compared researches.

Key words: leaf recognition; multi-feature dimension reduction; principal component analysis; linear

discriminant analysis; support vector machine
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Fig.1 Flow chart of image preprocessing
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Fig.3 Diagram of weight template
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Tab.3 Recognition results of each species
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Tab.4 Recognition results of three species
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Tab.5 Average recognition time of experiments

by using different features

FHIE RRAEAERC B2 J5 AP AE AR A P B BUN B 1)/ ms
21 HERFAE 21 12 181. 4
LBP $FHAE 882 41 232.9
Gabor §1iE 1280 41 339.4
ZFFE 2183 41 550. 1

2 550. 1 ms, "5 2 7 PR 30 DR PE Y K

PR T — ML T AL R 4R A A ) A A
BRI T ik o SRR T A i 2 183 4EHEAE i, R
Jil PCA 5 LDA R4 45 1977 15 b 47 22 R Ak e 4, 71
f ] SVM 732 4 0 39l £ 1CL %45 J28 A Flavia %045
Ve AT IR B S . AR ERW] A SCIR I £
AR 3 4E 77 35 PT A R B R A R R — 28]
TR AW SCHURAE 2 505 TR R AE 25 2 SO AU L
1, LA $ i SCBR AR AE X R R0 Y BT

& £ x Wt

1 INGROUILLE J M, LAIRD M S. A quantitative approach to oak variability in some north London woodlands[ J]. The London

Naturalist, 1986,65 .35 —46.

2 Ewelg, sEXL, AR, . 0 BB IERIR S R EORMAT L T]. L LA 5N, 2006,42(3) 1190 - 193.

WANG Xiaofeng, HUANG Deshuang, DU Jixiang, et al. Feature extraction and recognition for leaf images [ J].

Computer

Engineering & Applications, 2006,42(3) :190 - 193. (in Chinese)
3 NETOJC, MEYER G E, JONES D D, et al. Plant species identification using elliptic Fourier leaf shape analysis[ J]. Computers



%3 1 B—y 2 BT AL FEAE R A i R 5 37

10

11

12

13
14
15

19

20

21

22

23

24
25

26

27

& Electronics in Agriculture, 2006,50(2) :121 - 134.
ok FET AR 4R B R RN DT R TR L D)L db et db stk K%, 2011,
YAO Yufei. Research on leaves recognition based on fractal dimension [ D ]. Beijing: Beijing Forestry University, 2011. (in
Chinese)
DU Jixiang, ZHAI Chuanmin, WANG Qingping. Recognition of plant leaf image based on fractal dimension features[]J].
Neurocomputing, 2013,116(10) :150 - 156.
KULKARN A H, RATI H M, JAHAGIRDAR D K A, et al. A leaf recognition technique for plant classification using RBPNN and
zernike moments[ J]. Journal of Computer-Mediated Communication, 2013,2(1) :984 —988.
HERDIYENI Y, KUSMANA 1. Fusion of local binary patterns features for tropical medicinal plants identification [ C] //
International Conference on Advanced Computer Science and Information Systems, 2013 :353 —357.
FEEAE, BAEHL JET Gabor SUHURHAE MAE W BERIR BN I [ C1 /585 1 1d i 4 1 B AR IR 22 2 R 233, 2008 :246 — 250.
LETL, TRAN D T, PHAM N H. Kernel descriptor based plant leaf identification[ C] //2014 4th International Conference on
Image Processing Theory, Tools and Applications, 20141 -5.
ZHAO Zhongqiu, HONG Yan, ZHENG Peng, et al. Plant identification using triangular representation based on salient points and
margin points[ C] // IEEE International Conference on Image Processing, 20151145 - 1149.
X, BVLH. T 2R AR A AR S A A i R R [T ] dE a0kl K224, 2016,38(3) 1110 - 119.
LIU Nian, KAN Jiangming. Plant leaf identification based on the multi-feature fusion and deep belief networks method [ J].
Journal of Beijing Forestry University, 2016,38(3) :110 —119. (in Chinese)
INERYE, kB4, BCEK. BT HST P A [ 1R G0 SR N 7 ik gy [T]. 4R, 2009,35(2) ;221 - 224.
SUN Huixian, ZHANG Yuhua, LUO Feilu. Color edge detection based on HSI color space [ J]. Optical Technique, 2009,
35(2):221 -224. (in Chinese)
HU M K. Visual pattern recognition by moment invariants[ J]. IRE Transactions on Information Theory, 1962,8(2) :179 - 187.
CHEN C C. Improved moment invariants for shape discrimination[ J]. Pattern Recognition, 1993,26(5) :683 - 686.
SHI J, TOMASI C. Good features to track[ C] // Proceedings of IEEE Conference on Computer Vision & Pattern Recognition,
1994 . 593 -600.
rRE AR, HUGREN. AR T K LA AR M SO AR SR IR [T ], FEALR ST, 2010,19(6) 195 - 198.
GAO Chengcheng, HUT Xiaowei. GLCM-based texture feature extraction[ J]. Computer Systems & Applications,2010,19(6) .
195 -198. (in Chinese)
PELEG S, NAOR J, HARTLEY R, et al. Multiple resolution texture analysis and classification[ J]. IEEE Transactions on
Pattern Analysis & Machine Intelligence, 1984 ,6(4) :518 - 523.
OJALA T, PIETIKAINEN M, MAENPAA T. Multiresolution gray-scale and rotation invariant texture classification with local
binary patterns[ J]. IEEE Transactions on Pattern Analysis & Machine Intelligence, 2002,24(7) :971 - 987.
DAUGMAN J G. Uncertainty relation for resolution in space, spatial frequency, and orientation optimized by two-dimensional
visual cortical filters. [ J]. Journal of the Optical Society of America A ( Optics & Image Science), 1985,2(7) :1160 - 1169.
LEE T S. Image representation using 2D Gabor wavelet[ J]. IEEE Transactions on Pattern Analysis & Machine Intelligence,
1996,18(10) :959 -971.
TURK M A, PENTLAND A P. Face recognition using eigenfaces[ C] /1991 IEEE Computer Society Conference on Computer
Vision and Pattern Recognition, 1991 ;586 —591.
BELHUMEUR P N, HESPANHA J P, KRIEGMAN D J. Eigenfaces vs. fisherfaces: recognition using class specific linear
projection[ J]. IEEE Transactions on Pattern Analysis and Machine Intelligence, 1997 ,19(7) :711 - 720.
ANISSA B, NAOUAR B, ARSALANE Z, et al. Face recognition: comparative study between linear and non linear dimensionality
reduction methods[ C] /2015 International Conference on Electrical and Information Technologies, 2015 :224 —228.
CORTES C, VAPNIK V. Support-vector networks[ J]. Machine Learning, 1995,20(3) :273 -297.
CHANG C C, LIN C J. LIBSVM: a library for support vector machines[ J]. ACM Transactions on Intelligent Systems &
Technology, 2011,2(3) :389 - 396.
WU S G, BAOFS, XUE Y, etal. A leaf recognition algorithm for plant classification using probabilistic neural network[ C] //
2007 IEEE International Symposium on Signal Processing and Information Technology, 2007 :11 - 16.
R A 505 . oh BB R R S0 5 4 I H BB [ EB/OLL ). hitp: / www. intelengine. en/datasel.



