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Plant leaf image classification based on supervised orthogonal locality
preserving projections

Zhang Shanwen?, Zhang Chuanlei*®, Cheng Lei
(1. Department of Engineering and Technology, Xijing University, Xi'an 710123, China;
2. Department of Electrical and Computer Engineering, Ryerson University, M5B 2K3, Canada)

Abstract: Plants play a critical role on human life. This role includes food, medicine, industry and environment.
Plant species classification based on plant leaf has been carried out by botanists, plant specialist and many
scholars for many years. Leaf shape provides rich information for classification and most of the computer-aided
plant classification methods are based on plant leaf images. Dimensionality reduction and feature extraction are
two critical steps in the plant leaf image classification. Traditional statistical and linear methods to extract the
classifying features and reduce the dimensionalities cannot obtain the intrinsic manifold structure of the nonlinear
data. Manifold learning is a new dimensionality reduction method for nonlinear data and it has been commonly
employed in the recognition of face, palmprint and handwriting. One common problem with supersized manifold
learning algorithms is that any pair sample points need to check whether or not they are in the same class and the
problem degrades the recognition performance of these algorithms. To overcome the problem, a supervised
orthogonal LPP (SOLPP) algorithm is presented and applied to the plant classification by using leaf images, based
on locality preserving projections (LPP). LPP can be trained and applied as a linear projection and can model
feature vectors that are assumed to lie on a nonlinear embedding subspace by preserving local relations among
input features, so it has an advantage over conventional linear dimensionality reduction algorithms like principal
components analysis (PCA) and linear discriminant analysis (LDA). First, the class information matrix is
computed by the Warshall algorithm, which is an efficient method for computing the transitive closure of a
relationship. It takes a matrix as input to represent the relationship of the observed data, and outputs a matrix of
the transitive closure of the original data relationship. Based on the matrix, the within-class and between-class
matrices are obtained by making full use of the local information and class information of the data. After
dimensionality reduction, in subspace space, the distances between the same-class samples become smaller, while
the distances between the different-class samples become larger. This characteristic can improve the classifying
performance of the proposed algorithm. Compared with the classical subspace supervised dimensional reduction
algorithms, in the proposed method, it is not necessary to judge whether any two samples belong to the same class
or not when constructing the within-class and between-class scatter matrices, which can improve the classifying
performance of the proposed algorithm. Finally, the K-nearest neighborhood classifier is applied to classifying
plants. Comparison experiments with other existing algorithms, such as neighborhood rough set(NRS), support
vector machine(SVM), efficient moving center hypersphere(MCH), modified locally linear discriminant
embedding(MLLDE) and orthogonal global and local discriminant projection(OGLDP) are implemented on the
public plant leaf image database, Swedish leaf dataset, which contains isolated leaves from 15 different Swedish
tree species, with 75 leaves per species. The average correct recognition rate of SOLPP reaches more than 95.92%.
The experimental results verify that the proposed method is effective and feasible for plant classification. The
future work of the paper can extend the experiments to the larger public plant leaf databases to verify the
effectiveness and robustness of the proposed algorithm and take full use of the non-label samples to make the
algorithm semi-supervised one.

Key words: image processing, algorithms, experiments, plant leaf classification, locality preserving projections(LPP),
supervised orthogonal LPP (SOLPP)



