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The label propagation has the benefits of nearly-linear running time and easy implementation. In this

paper, we make use of the label propagation to propose a new weight measure, and present a

supervised locality projection analysis (SLPA) method for plant leaf classification. Firstly, we apply

Warshall algorithm to label propagation and get the label matrix, then incorporate it into the weight,

which has a clear physical meaning. Secondly, multi-class data points in high-dimensional space are to

be pulled or pushed by discriminant neighbors to form an optimum projecting to low dimensionality.

Finally, the experimental results on two plant leaf databases show that the proposed method is quite

effective and feasible.

& 2013 Elsevier Ltd. All rights reserved.
1. Introduction

Plants play a critical role in human life. This role includes food,
medicine, industry and environment. It is important to protect
plants and to catalog various types of flora diversities. Developing
a quick and efficient classification method has become an area of
active research. Plant species classification based on leaf has been
carried out by botanists, plant specialist and many scholars for
many years. Many studies have shown that leaf external shape
provides rich information for classification and most of the
computer-aided plant classification systems are based on the leaf
shape [1,2]. The leaf shape, color, skeleton, etc., can be used for
plant leaf classification. The texture features of the plant leaf are
very important features used to classify plants. The contour is
another important leaf property which is a suitable factor for
describing the teeth of the leaves. Leaf vein extraction can also be
used to identify plants. In order to conduct the leaf classification
system, the classifying features must be sufficiently distinctive to
identify specific objects among many alternatives, which contain
both local or global properties. So far, many researchers have
proposed some algorithms and techniques for leaf recognition
system which use local and global features. Recently, several
approaches [3–6] for joint feature selection and support vector
ll rights reserved.

86.

g).
machine (SVM) construction have been proposed. Valliammal
et al. [7] proposed a convex framework for jointly learning
optimal features using genetic algorithm and kernel principle
component analysis (KPCA) and further classifying using SVM.
The experimental results proved the effectiveness and superiority
of this method. Although there are some common features based
on which biologists identify various leaf samples, shape-based
leaf recognition has some drawbacks in the case of incomplete
leaf samples. The multi-resolution curvelet transform is used for
feature extraction, since it can clearly represent the texture
information in an image having curves and various other pat-
terns [8]. The fundamental idea of move median centers (MMC) is
that each class of patterns is regarded as a series of hyperspheres,
which is treated as a set of data points in conventional
approaches. Based on digital morphological feature, Du et al. [9]
proposed a MMC hypersphere classifier for the leaf database,
which is more robust than the one based on contour features
since those significant curvature points are hard to find. Combi-
nation of the local descriptors and global features can be used as a
feature vector for leaf recognition and classification system where
each classifying feature demonstrates a different aspect of leaf
properties by covering important characteristics [10]. The method
can cope with the shortcomings of each category of the features
by using another one.

Classical linear dimensionality reduction approaches seek to find
a low-dimensional subspace in a high-dimensional input space by
linear transformation. Among them, principal component analysis
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Fig. 1. Example of Warshall algorithm, where n¼6.
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(PCA) [11] and linear discriminant analysis (LDA) [12] are the two
most well-known ones. The challenge of plant species classification
based on leaf is that it is hard to handle the inter-class similarity and
intra-class variability of the leaf shape. Since the plant leaf data are
nonlinear and high-dimensional, many classical linear dimensional-
ity reduction methods, such as PCA and LDA, are not effective for leaf
classification. Manifold learning is a kind of nonlinear dimensionality
reduction technique which can discover the nonlinear structure
of the leaf data and can be applied to leaf classification. Locally
linear embedding (LLE) [13] is a representative classical unsuper-
vised learning algorithm which computes low-dimensional,
neighborhood-preserving embeddings of high-dimensional inputs.
However, several problems in LLE still remain open, such as its
sensitivity to noise, inevitable ill-conditioned eigen-problems, the
inability to deal with the novel data. Locality preserving projections
(LPP) [14] is a linear locality preserving manifold learning algorithm
that preserves the local geometrical relationship and discovers its
intrinsic manifold structure. However, the basis functions obtained
by the LPP are non-orthogonal. This makes it difficult to reconstruct
the data. To overcome this shortcoming, Cai et al. [15] proposed an
algorithm called orthogonal locality preserving projection (OLPP),
which can produce orthogonal basis functions and can have more
locality preserving power than LPP. However, like LLE, LPP and OLPP
are unsupervised dimensionality reduction methods and do not take
the label information into account. For classification, the class labels
of the training samples are very useful. The label information can be
applied to guiding the procedure of classifying feature extraction.
Maximum Margin Projection (MMP) [16] is a linear discriminant
algorithm based on geometry preserving projections, which focuses
on local discriminant analysis for image retrieval. Its goal is to
discover both geometrical and discriminant structures of the data
manifold. Recently, based on MMP, a subspace learning algorithm
called orthogonal maximum margin projection(OMMP) is proposed
[17], which aims at discovering both geometrical and discriminant
structures of the face manifold. But, in MMP and OMMP, there is an
extra parameter needed to be decided. Modality Mixture Projections
[18] is proposed for semantic video event detection, which is capable
of discriminating different classes and preserving the intra-modal
geometry of samples within an identical class. By the method, the
feature vectors presenting different kind of multi data can be easily
projected from different identities and modalities onto a unified
subspace, on which recognition process can be performed. Subspace
learning algorithms often suffer from the small sample size and noise
problems. Belongie et al. [19] proposed the shape context (SC) to
describe a shape by a set of 2-D histograms capturing landmark
distributions. Ling et al. [20] extended SC to the inner-distance SC by
replacing the Euclidean distance with the articulation insensitive
inner-distance. Xu et al. [21] proposed a shape descriptor called
contour flexibility to represent the deformable potential at each
point on the contour. General supervised manifold learning methods
based on spectral graph theory, such as local discriminant embed-
ding (LDE) [22], discriminant neighborhood embedding (DNE) [23],
supervised locality preserving projection (SLPP) [24] and locality
sensitive discriminant analysis (LSDA) [25], need to judge whether
any pairwise points belong to the same class when computing the
weight of their edge. Obviously, it takes a certain time to judge
whether the observed data have the same label, even if we know all
the prior label information. Pairwise class relationships turn out to be
a natural choice, which indicates that some pairwise samples are in
the same cluster and some are not, known respectively as the
within-class and the between-class. A within-class relationship
means that the pairwise points come from the same class, while a
between-class relationship means that the pairwise points belong to
different classes. In fact, the within-class relationship can be more
easily obtained than the explicit data class labels. The class relation-
ship can be generated from the labeled points but cannot be done so
inversely [26]. We can easily learn more within-class relationships
from the known within-class relationships by Warshall algorithm
[27]. For example, suppose X1 and X2 satisfy a within-class relation-
ship, noted as R, and X2 and X3 also satisfy R, it is easy to deduce
that X1 and X3 satisfy R. Inspired by Warshall algorithm, we propose
a new weight measure, and then present a supervised projection
dimensionality reduction method by incorporating the weight into it
to reduce the complexity and to improve the discriminative ability.
The goal of the proposed method is to project the high-dimensional
data into a low-dimensional feature space, in which the projection is
characterized by intra-class compactness and inter-class separability.
This goal can be achieved by formulating the task as a constrained
optimization problem. Experiments results on the plant leaf data-
bases verify the effectiveness of the proposed method.

The rest of this paper is organized as follows: Section 2 briefly
describes Warshall algorithm. In Section 3, the principle of the
proposed method is addressed. Experiments on the plant leaf
database are offered in Section 4 and some conclusions are
summarized in Section 5.
2. Warshall algorithm

Warshall algorithm [27] 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 relationship. We
can use Warshall algorithm to obtain more within-class relation-
ships according to the known class relationships. Suppose n data
points X ¼ ½X1,X2, � � � ,Xn�, the class-relationship of two points
based on their class information is defined as follows:

Rij ¼
1, IfXiand Xj have the same label

0, otherwise

(
ð1Þ

It can be seen from Eq. (1) that the class-relationship matrix
R¼ fRijg is symmetric and the diagonal elements are 1. R can be
easily obtained by the following steps of Warshall algorithm:
(1)
 Initialize R;

(2)
 Construct the n� n matrix Rð1Þ ¼ fRijg as follows:

For all iði¼ 1,2, � � � ,nÞ, jðj¼ 1,2, � � � ,nÞ, Rð1Þij ¼ 1 if and only if
either Rð0Þij ¼ 1 or Rð0Þi1 ¼ 1 and Rð0Þ1j ¼ 1.
(3)
 Suppose the matrix Rðp�1Þ has been constructed where
1opon. Construct the matrix RðpÞ from Rðp�1Þ as follows:
For all iði¼ 1,2, � � � ,nÞ, jðj¼ 1,2, � � � ,nÞ, RðpÞij ¼ 1 if and only if
either Rðp�1Þ

ij ¼ 1 or Rðp�1Þ
ip ¼ 1 and Rðp�1Þ

pj ¼ 1.
Fig. 1 shows the within-class relationship results after learning
by Warshall algorithm, where n¼6. We list a half of results of the
relationship matrix R, since R is diagonal.
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3. Label propagation based supervised projection analysis
algorithm

In this section, based on Warshall algorithm, a novel weight for
the k-nearest-neighborhood-graph G is defined as follows:

Wij ¼
HijUexp �

:Xi�Xj:
2

b2

� �
, If XiANðXjÞ or XjANðXiÞ

0, otherwise

8><
>: ð2Þ

where 99Xi�Xj99 is the Euclidean distance between two points Xi

and Xj in RD, NðXiÞ is k nearest neighbors of Xi, b is a tuning
parameter, and Hij, called class-interaction, is defined as follows:

Hij ¼

þ1, IfXi and Xj have the same label

�1, If Xi and Xj have different labels

0, If Xi ¼ Xj:

8><
>: ð3Þ

The weight is inspired by the following five parts.
(1)
Fig.
repu

neig

belo
In order to make classification effective and efficient, high-
dimensional data are often projected into a low-dimensional
feature space and the projection is usually characterized by
the intra-class compactness and inter-class separability.
Assuming that there is an interaction force between any
pairwise points in the ambient space, the mutual force can
be distinguished as intra-class attraction or inter-class repul-
sion between any pairwise points from the same or different
class data, respectively (See Fig. 2). We can naturally express
the intra-class attraction and inter-class repulsion as þ1 and
�1, respectively. And the mutual force is zero if Xi¼Xj. The
interaction forces between the data points are described by
Fig. 2.
(2)
 The interaction matrix H¼ fHijg can be easily derived from the
above class-relationship matrix R, i.e., if only set Hij¼�1 if
Rij¼0, then set the diagonal elements to be 0. Fig. 3 shows an
example derived from the matrix R, where n¼6.
(3)
 One neighbor for a point is regarded as a within-class
neighbor if they belong to the same class; and between-
class neighbor otherwise. Therefore, we adopt the heat kernel
function to be the weight between Xi and Xj.
A +1 B

Attraction

A    -1    B

Repulsion
N(Xi) N(Xi)

2. An intuitive illustration of the within-class attraction and between-class

lsion between pairwise points, where the circle denotes the k nearest

hbors N(Xi) of Xi. Left: A and B belong to the same class; Right: A and B

ng to the different classes.

1 0 1 0 0 1 0 1 1 1 -1 1 

1 0 1 0 0 0 1 1 -1 1 

1 1 0 0 0 1 -1 1 

1 0 1 0 -1 1 

1 0 0 -1 

1 0 

Fig. 3. Example of the category relationship matrix, where n¼6.
(4)
 The multi-class data and the interactions between neighbors
can naturally be characterized by a weighted graph G, where
the nodes are represented by data points. An edge is put
between nodes if Xi is among k nearest-neighbors of Xj or Xj is
among k nearest-neighbors of Xi. The weighted graph is a
standard tool for manifold modeling by preserving local
structure. We use K-nearest neighborhood rule to construct
the neighborhood weighted graph by connecting each point
to its k nearest neighbors.
(5)
 The parameter b can be determined by using a statistical
method. For simplicity, b can be empirically defined as
b¼
1

2k

X
Xj ANðXiÞ

JXi�XjJþ
X

Xi ANðXjÞ

JXi�XjJ

0
@

1
A:

By using the above weight Wij, we propose a new supervised
dimensionality reduction method, named supervised locality
projection analysis (SLPA), which is described as follows:

Suppose that n data points X ¼ ½X1,X2, � � � ,Xn� are sampled from
the underlying manifold M embedded in the high-dimensional
space RD and any subset of the data points in the same class is
assumed to lie in a submanifold of M. In the neighborhood graph
G, each vertex Vi essentially corresponds to each instance Xi, so
we also refer to Xi as a vertex. Then we put an edge between Xi

and Xj, if Xi is among the k nearest neighbors of Xj or Xj is among
the k nearest neighbors of Xi. Let the corresponding set of n points
in the reduced space be Y ¼ ½Y1,Y2, � � � ,Yn�ARd�n, where d{D,
Yi ¼ AT Xi is a low-dimensional representation of Xi(i¼ 1,2, � � � ,n),
and A is the projecting matrix. Here, we focus only on any two
points which are neighbors of each other. After the transforma-
tion, we hope that the distance between the considered pairwise
points within the same class will be minimized, while the
distance between those in different classes will be maximized.
Due to the weight defined by Eq. (2), the optimal objective
function is defined as follows:X

i

X
j

JYi�YjJ
2Wij ð4Þ

By simple algebraic formulation, we deduce,

1

2

X
i

X
j

JYi�YjJ
2Wij

¼
1

2

Xn

i ¼ 1

Xn

j ¼ 1

ðAT Xi�AT XjÞ
2Wij

¼
1

2

Xn

i ¼ 1

Xn

j ¼ 1

AT
ðXi�XjÞðXi�XjÞ

T AWij

¼ trðAT XDXT AÞ�trðAT XWXT AÞ

¼ trðAT XLXT AÞ ð5Þ

where tr( � ) is the trace of matrix, L¼D�W is the graph Laplacian
of G and W ¼ fWijg, D is a diagonal matrix whose entries are
column or row (since W is symmetric) sums of W, i.e., Dii ¼

P
jWij.

In order to obtain an orthogonal projection matrix A, we
further impose an orthogonal constraint on the objective function,
which can remove an arbitrary scaling factor in the projection
space. The corresponding constraint is AT XXT A¼ I, where I is the
identity matrix. Then we estimate the matrix A by solving the
following optimization problem:

argmin
AT XXT A ¼ I

trðAT XLXT AÞ ð6Þ

The Lagrangian function of Eq. (6) is

LðA,gÞ ¼ trðAT XLXT AÞþgðAT XXT A�IÞ ð7Þ

where g is a constant.
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The optimality condition for Eq. (6) is

@

@A
tr AT XLXT A
� �

þg AT XXT A�I
� �h i

¼ 0 ð8Þ

Thus, the solution of Eq. (7) is obtained by solving a general-
ized eigenvalue decomposition problem:

XLXT a¼ lXXT a ð9Þ

where a is a transformation vector. Therefore, the transformation
matrix A which minimizes the objective function is composed of
the d smallest generalized eigenvectors of the matrix pair
ðXLXT ,XXT

Þ corresponding to the d smallest eigenvalues:

A¼ ½a1,a2, � � � ,ad� ð10Þ

Once the matrix A is estimated, any new test sample XnewARD

can be projected into a subspace by Ynew ¼ AT Xnew, where
YnewARd

ðd{DÞ.
The orthogonal basis matrix preserves the metric structure of

the data space. But the generalized eigenvectors obtained by
solving Eq. (9) are not certainly orthogonal. From the above
analysis, we adopt a step-by-step procedure to obtain a set of
orthogonal projections by solving the following constrained
optimization problem,

min trðAT XLXT AÞ

s:t: AT XXT A¼ I, aT
da1 ¼ aT

da2 ¼ � � � ¼ aT
dad�1 ¼ 0: ð11Þ

Eq. (11) can be handled using the method of Lagrange multi-
pliers [28–30]. The orthogonalization processes are listed in the
Appendix.

In practice, we often suffer from the singular matrix problem,
i.e., XXT may be singular. To avoid this problem, PCA is usually
adopted to project the data set to a PCA subspace so that the
resulting matrix XXT is nonsingular. Therefore, PCA is often used
to pre-reduce the dimensionality of the original data, so as to
overcome the small sample size problem and reduce the computing
complexity.

The complexity of the proposed method is dominated by five
parts: class-interaction matrix search, k nearest neighbor search,
matrix multiplication, solving an orthogonal optimization pro-
blem, and data projecting. Consider n data points in a D-dimen-
sional space. The complexity of searching the class-relationship
matrix is Oðn3Þ. Obtaining the neighborhood graph involves
computing n2distances in D dimensions, and the complexity is
OððDþkÞn2Þ. The complexity for calculating the matrix AT XLXT A is
OðDn2þD2nÞ. The complexity of the third part for solving the
eigenvector problem is Oðkn2þndD2

þD3
Þ. The time complexity of

the orthogonalization process is Oðpn3Þ, where p denotes the
number of iterations. The complexity for projecting the data
points into a d-dimensional subspace is OðdD2

Þ. Thus, the time
complexity of the proposed algorithm is Oðpn3þkn2þDn2þ

dn2þndD2
þD3
þn3Þ. Since k{n, d{Dand often n{D, the com-

plexity of the proposed algorithm is determined by the number of
data points and the dimensionality of the original data points.
4. Comparison with LPP, LDE, SLPP, LSDA and DNE

LPP constructs the adjacent graph in an unsupervised manner
using the Euclidean topology and finds a projection to preserve
the locality of the data. However, it does not exploit the class
information for classification,, which may degrade the classifica-
tion performance. To overcome this problem, four representative
methods, LDE, SLPP, LSDA, and DNE are proposed, which take
class label into consideration and are more efficient for classifica-
tion. They are considered as the supervised extension of LPP.
When constructing the adjacent matrix, SLPP only considers the
class label information and may not preserve any local structure
of the manifold. LDE, LSDA and DNE divide the neighbors into two
types: within-class neighbors and between-class neighbors, and
suppose that all points are pulled and pushed by their within-
class and between-class neighbors, respectively. In addition, LDE
and LSDA need to construct two neighborhood graphs. Specially,
for each point in LDE, its k within-class neighbors and k between-
class neighbors have to be searched no matter whether the
neighbors exist or not. In LDE, LSDA and DNE, when computing
each entry of the adjacent matrix or weight matrix of the graph,
we need to judge whether any pairwise points are the same
points. Although the proposed method is similar to LDE, LSDA and
DNE, it does not need to take the class information of any two
points when computing the weight of their edge of graph. The
proposed method obtains the class matrix by Warshall algorithm,
and then combines the class matrix with the weight. That is to
say, we integrate the class information of all points before
computing the weight. The weight of the proposed method is
set to be þ1, �1 or 0, which has a clear physical meaning.
Moreover, we can learn more within-class relationships from the
known within-class relationships by Warshall algorithm.

There are several methods to define the weights between
neighbors, such as the binary method which is a simple method
without additional parameters. The binary method defines the
weights between neighbors to be 1, and the others to be 0. The
heat kernel method defines the weights between neighbors
according to the distances between them and the kernel width
b, and b is usually acquired manually. However, manually choos-
ing b is complex and unstable. Additionally, when the data set
includes clusters with different local statistical features, there
might be multiple values of b that work well for the whole data.
To reduce the computational complexity, some researchers set b
to be

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
JXiJUJXjJ

p
. Inspired by this, we set b to be the mean

distance between the k nearest neighborhoods of Xi and Xj, which
is verified by later experiments.
5. Experimental results

This section evaluates the performance of the proposed
method by comparing it with other four representative super-
vised algorithms, i.e., LDE [22], DNE [23], SLPP [24] and LSDA [25],
on two plant leaf image databases, i.e., Swedish leaf dataset and
ICL leaf dataset. Preprocessing is performed to crop all leaf images
from two databases. The illuminations remain the same and the
backgrounds are white, and the size of each cropped leaf image in
experiments is 32�32 pixels, with gray level of 256 Gy levels per
pixel in the preprocessing step. We pre-processed the data by
normalizing each leaf vector to the unit. Then, each image is
represented by a 1024-dimensional vector in the vector space. By
PCA, we keep 98% image energy and select all principal compo-
nents corresponding to the non-zero eigenvalues for each
method. After dimensionality reduction by each method of LDE,
DNE, SLPP, LSDA and the proposed method, we adopt the 1-NN
classifier to classify leaf images. The Euclidean metric is used as
our distance measure.

We randomly split the leaf image dataset into two parts: one
part is used for training and the other for testing. The training sets
are used to learn the low-dimensional subspace with the projec-
tion matrix. The testing sets are utilized to report the final
classification accuracy. The nearest neighborhood parameter k

for constructing the nearest neighbor graph in the four methods
and our method can be chosen as k¼ l�1, where l denotes the
number of training samples per class. The justification for this
choice is that the l samples of the same class should be located in
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the same local geometrical structure, provided that within-class
samples are well clustered in the observation space.
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Fig. 5. The classification rates versus the variation of the reduction dimensionality.
5.1. On Swedish leaf dataset

Swedish leaf dataset [31] contains isolated leaves from 15
different Swedish tree species, with 75 leaves per species. Note
that the original images contain petioles, which are not suitable
characteristics for robust leaf shape classification, since the length
and orientation of those petioles may heavily depend on the
collection process. Though the petioles might provide some
discriminate information between different classes, it is not easy
to locate and keep a consistency. So we could regard them as
some kind of noises and cut them off to construct another dataset.
Fig. 4 shows some representative examples and their processed
correspondences.

Firstly, we use 2-fold cross-validation to obtain the unbiased
estimation results. The leaf database is randomly divided into two
subsets, and the experiments are repeated two times. For each
test, one of the two subsets is used as the test set and the other as
the training set. The advantage of this method is that it matters
less how the data sets are divided. This procedure is repeated for
50 times. During the testing phase, a 1-NN classifier is applied to
leaf classification. The performance accuracy rate is calculated
each time, which is defined as follows:

Accurate¼
NumðRÞ

NumðTÞ
U100% ð12Þ

where Num(R) is the right sample number detected and Num(T) is
the total sample number.

Table 1 shows the maximal average classification accuracy and
standard deviations on Swedish leaf database.

Secondly, we observe the impact of dimensionality reduction
in the low-dimensionality feature subspace on the classification
rate, Fig. 5 illustrates the classification rates versus the variation
of the dimensions. In general, the performance of all these
methods varies with the number of dimensions.

Thirdly, we examine the effect of the training number on the
classification rate. For each method, five random subsets with 20,
40 and 60 images per species are selected for training, the rest for
test. Such experiment with a specific number is independently
performed 50 times, and then the best average classification
results are recoded. Table 2 shows the maximal average classifi-
cation rates and standard deviations with different size of training
sets and test sets. It is shown that the proposed method has more
classification rate than other algorithms.
Fig. 4. Typical images from the Swedish leaf database: (a) original swedish leave

Table 1
Average classification rates (%) and standard deviations on Swedish leaf database.

Algorithm LDE DNE

Average 91.8670.52 94.7470.46
It can be seen from this subsection that the proposed method
outperforms the other algorithms in all the cases, while DNE has a
comparative performance with our method.
5.2. On ICL leaf dataset

ICL leaf database (http://www.intelengine.cn/English/dataset/
index.html) [32] contains 17,032 plant leaf images of 220 species
and the leaf number of each class is different. To verify the
effectiveness of the proposed method, we construct two leaf
image subsets from the ICL leaf dataset, named ICL 1 and ICL 2.
ICL 1 has 50 species with 11 samples per species, and all classes
are carefully selected. Most of the shapes could be distinguished
easily by human eyes (Typical examples as shown in Fig.6A); ICL
2 contains 50 species and each class contains 11 samples. All
classes are selected and most of the shapes are similar but still
distinguishable (Typical examples as shown in Fig.6B). The pre-
processing process is similar to that in the above experiments on
the Swedish leaf dataset, as shown in Fig.6C.

Since there are not many images in the ICL1 and ICL2 datasets,
we select Leave-One-Out cross-validation in the experiments,
which takes no more time than computing the residual error
and it is a much better way to evaluate models. This method is a
K-fold cross-validation taken to its logical extreme, with K equal
to n, where n is the number of data points in the dataset. The 1-
NN classifier is trained on all the data except for one point and a
prediction is made for that point. Table 3 shows the average
classification rates and standard deviations of five algorithms in
our experiments on ICL1 and ICL2 datasets. It can be seen that
SLPA outperforms others totally.
s; and (b) processed Swedish leaves, the leaf petioles on images are erased.

SLPP LSDA SLPA

90.5370.45 90.6270.58 96.3370.46

http://www.intelengine.cn/English/dataset/index.html
http://www.intelengine.cn/English/dataset/index.html


Table 2
Maximal average classification rates (%) and standard deviations on the Swedish leaf database versus the different training number.

Training number Method

LDE DNE SLPP LSDA SLPA

20 88.2970.35 92.6470.56 87.4170.71 87.1870.79 92.5470.56

40 91.5470.67 94.7170.48 90.4370.78 89.5770.82 96.0270.60

60 91.9270.46 95.4370.33 90.8770.61 90.8370.74 96.5770.53

Fig. 6. Typical leaves of the ICL leaf database: (A) ICL1; (B) ICL2; and (C) eleven samples of one plant leaf.

Table 3
Average classification rates (%) and standard deviations plant leaf database.

Algorithm LDE DNE SLPP LSDA SLPA

ICL1 91.4270.49 95.8270.33 92.5070.27 90.6470.44 97.5470.52

ICL2 80.4170.53 85.5470.31 79.5970.29 78.8670.35 90.8170.37
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The main idea of the proposed method is that it achieves good
discriminating performance by integrating the information of neigh-
bors and class relations between pairwise points, which is explained
as follows:in several supervised manifold learning based algorithms,
for each point, they firstly find its k nearest points and then define the
weights between it and its neighbors. Among many of them, they
have to judge that whether any two points have the same label in
each step of computing the weight. However, our method can easily
obtain the class-relationship matrix by Warshall algorithm and
integrate it into the weight before computing the weight, which help
discover intrinsic neighborhood and improve the discriminant per-
formance. The advantage is that all the pairwise class-relationships
can be obtained by Warshall algorithm according to the known and
learned relationship constraints. The class-relationship matrix has a
clear physics meaning, i.e. setting the class-relationship value to be
1 to ‘push’ the within-class points together within local neighbors,
setting it to be �1 to ‘pull’ the between-class outside the local
neighborhood in the projected space, and setting it to be 0 to avoid
self-loops.
6. Conclusions

For plant leaf classification purpose, we propose a supervised
orthogonal locality preserving manifold learning algorithm, named
supervised locality projection analysis (SLPA). In SLPA, we only focus
on the pairwise points which are neighbors of each other. SLPA makes
use of the prior pairwise class-relationship information to calculate
the weight. In order to improve the discriminant ability and to
preserve the local neighborhood structure of the original data, we
estimate the locality-relationship and class-relationship of all points
by learning a linear transformation of the high-dimensional input
space. After the transformation, we pull the considered pairwise
points within the same class as close as possible, and take those in
different classes apart simultaneously, which is beneficial to plant leaf
classification. The experimental results on two leaf databases verify
the effectiveness of the proposed method.
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