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Abstract. Pasture species belonging to poaceae and fabaceae families
constitute of essential elements to maintain natural and cultivated re-
gions. Their balance and productivity are key factors for good function-
ing of the grassland ecosystems. The study is based on a process of image
processing. First of all an individual signature is defined while consider-
ing geometric characteristics of each family. Then, this signature is used
to discriminate between these families.

Our approach focuses on the use of shape features in different situ-
ations. Specifically, the approach is based on cutting the representative
leaves of each plant family. After cutting, we obtain leaves sections of
different sizes and random geometry. Then, the shape features are calcu-
lated. Principal component analysis is used to select the most discrimi-
natory features.

The results will be used to optimize the acquisition conditions. We
have a discrimination rate of more than 90% for the experiments carried
out in a controlled environment. Experiments are being carried out to
extend this study in natural environments.

Keywords: shape features, plant classification, leaf recognition, pasture,
poaceae and fabaceae family, image processing.

1 Introduction

The areas occupied by temporary or permanent grasslands are now declining due
to the increasing woodland and their transformation into arable land [1]. The
balance and productivity of these pasture species and their productivity are key
outputs for functioning of our grassland ecosystems. They provide a specific and
significant contribution to biodiversity and play a major environmental role.
Identification of each family allows to measure the proportion of each one in
order to understand the spatial evolution of these families. This allows a certain
balance between families which is essential to sustainability and agricultural
value of temporary grassland. Moreover, studying the effects of light competition
of different components of these vegetation cover has been the subject of many
studies [2–5].
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In a general case of characterization and identification of grassland species,
the main objective of this study is specifically to discriminate between grass-
land families (poaceae and fabaceae). Thus to understand the evolution of these
species within populations and assist enduring environment management, Na-
tional Institute for Agricultural Research (INRA) of Lusignan (France) has es-
tablished an experimental plots combination representative species of these two
families. The idea is to have indicators to quantify the rate of different families
within mixed grassland. Image analysis is effective and less costly in terms of
the manpower than classical procedures. Species were cultivated separately. This
allows to achieve acquisitions in a controlled environment, thus facilitating the
processing and analysis phase. Samples of five species are photographed (white
clover, alfalfa, orchardgrass, tall fescue and ryegrass).

This work allows individual characterization of each species based on the study
of their geometric shape. It depends on acquisition quality and performed pre-
processing [6]. We explain our choice by the fact that the humans easily identify
objects by their shape [7] and the features that describe shape are widely used to
classify plants by characterizing their leaves [8]. For example, Im et al. [9] used
polygon approximation method to describe the geometric shape of leaves which
helps to recognize the Acer family. Wang et al. [10] have developed a method
that combines different shape features computed on leaves to identify plants in
an image database.

The rest of the paper is organized in the following manner. Section 2 describes
our acquisition process and pre-processing developed to extract the region of in-
terest. The adopted procedure processing to estimate the limits of shape features
and their robustness. The techniques to characterize the shape features and clas-
sification algorithms are briefly mentioned in Section 3. In Section 4, we describe
the results obtained for poaceae and fabaceae plant families. Section 5 presents
the conclusions and perspectives of this study.

2 Image Characteristics and Pre-processing

In this section, we present the leaves to describe poaceae and fabaceae families
on which we apply our approach.

2.1 Acquisition Process

For the construction of image database of these two families, a number of sets
composing of different cultures were cultivated at INRA of Lusignan under con-
trolled conditions. These sets are composed of several samples. One sample rep-
resents each isolation plant (Figure 1 left). The leaf images were acquired for
each species in XLIM-SIC laboratory. These acquisitions are effectuated in vis-
ible field and under controlled lighting. The acquisitions capture the detailed
leaves of these species with NIKON D100 camera (Figure 1 center). This camera
allows obtaining images in raw format (i.e. NEF: format without pre-treatment).
This format allows exploring all color components (R, g1, g2 and B) unlike other
formats (i.e. tiff, jpeg, . . . ).



Grassland Species Characterization for Plant Family Discrimination 175

Our database includes 5 species (white clover, alfalfa, orchardgrass, tall fescue
and ryegrass) belonging to poaceae and fabaceae families (Figure 2). For each
species, we took 20 samples. So in total we have 180 images. 60 leaves repre-
sent the poaceae family (orchardgrass, tall fescue and rye-grass) and 120 leaves
represent the fabaceae family (white clover and alfalfa). Each leaf belonging to
fabaceae family is composed of 3 leaflets. We applied specific treatments based
on morphological operators (erosion followed by dilation) to separate them. This
allowed an increase in the number of processed leaves and consequently a better
robustness of the searched signature.

2.2 Images Pre-processing

Through these acquisitions, we obtain images at 4 color components whose reso-
lution is 1012×1518. Many authors have shown that effective processing applied
on color images, specifically segmentation is determined by using an adequate
color space [11–14].

The goal of our pre-processing is to extract the area of interest. For this, we
propose to determine, for a given image and for each class, the optimal color
component combination.

We used a criterion which, for every iteration, allows maximizing the separa-
tion between pixels for every iteration belonging to the two classes. The general
scheme of our algorithm is presented in Figure 1 (right).

The optimal combination is based on an iterative procedure. At each itera-
tion the procedure selects a new color combination that is associated with two
classes previously identified by a thresholding method. The goal is to define the
most discriminating hybrid color combination. For this we use the higher dis-
criminant power. Corresponding regions are then labelled. Then it is used in the
next iteration to extract color component data for all other regions. Finally, the
procedure is stopped after the defined iteration n by the expert.

The advantage of this approach is that it provides the optimal color com-
bination for each class identified in the image. It provides an effective solution
to the problem of correlation between color components and ensures a better
discriminant power compared to treatments used on the classical and/or hybrid
color spaces. These pre-processing were used to get an intermediate version of
the images (binary images). They showed the leaves were well localized and now
the results can be used for further processing (i.e. shape features extraction).

3 Discriminative Signatures for Plant Families

To characterize the two families, images with high resolution are now available.
To treat them, we developed a procedure consisting of three steps:

– Extract region of interest (leaves localization) (Section 2.2),
– these regions are characterized by computing shape features allowing to de-

scribe the geometry,
– Classification algorithms are applied on these features to automatically dis-

criminate between families.



176 M. Abadi et al.

3.1 Features Used

The morphological characteristics of the leaves of these plants are a relevant
recognition parameter which is used in plant taxonomy. Indeed, some recent
work has focused on the characterization of the leaves for plant recognition.
Here we are particularly interested on approaches that explore the geometric
shape. We choose to compute the digital morphological features (DMF ) because
they are most conventional, widely used and are considered most important to
characterize the leaves of a plant. Moreover, the geometric shape of the leaf is
sub-oval (fabaceae) or highly elongated (poaceae).

Several features have been studied, for reasons of features robustness we have
chosen to present only the results using the DMF . They are extracted from the
contours of the leaf. These features generally include geometrical features (GF )
[15, 16] and invariable moment features (MF ) [7, 15, 17]. These are robust and
invariant under translation, rotation and scaling.

3.2 Classification Algorithm

Classification is the final step of our processing. The selected discriminant fea-
tures make the classification method choice relatively less important. In this
study, we apply the LDC (Normal Densities based Linear (multi-class) Classi-
fier), QDC (normal Densities Based Quadratic (multi-class) Classifier) and UDC
(Uncorrelated normal Densities Based Quadratic Classifier) algorithms. These
algorithms are defined in PRTools toolbox version 3.0 developed by Duin [18].
These methods were chosen for their fast convergence, their supervised mode
and their adaptation to features having a Gaussian probability density. In this
paper the samples are partitioned into training and test sets. On the training
set a pattern recognition based on these 3 classifiers is defined. These will serve
to estimate the error over the test set.

3.3 Treatment Approach

In order to study the limits and robustness of the techniques to characterize
the geometry of the leaf of the plant, we proceed by cutting the leaf images in
regions of decreasing size. This choice is justified by the fact that this study
fits into the recognition of species within a family’s problem. Indeed, in a real
environment, the plants are mixed and access to whole leaf is not the most
frequent case. Therefore, leaf cutting allows better evaluated quality and capacity
of discrimination of features selected and simulating real cases.

The size and geometry of these regions change with the used cutting. For each
leaf (Figure 3), we applied 3 cuttings (Figures 4, 5 and 6) composed 3 sets of
data.

– Set 1: the leaves are cut into 4 regions (Figure 4),
– Set 2: the leaves are cut into 6 regions (Figure 5),
– Set 3: the leaves are cut into 8 regions (Figure 6).
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Fig. 1. Left acquisition system and example of plants used. Right general scheme for
proposed leaves extraction.

)

Fig. 2. Examples of plant leaf representative of 5 species studied in this paper. Left
to right poaceae family (orchardgrass, tall fescue and rye-grass) and fabaceae family
(white clover and alfalfa).

Fig. 3. Leaves after pre-treatment. Left to right: white clover (437×398) and orchard-
grass (1024 × 617)).

s1 s2 s3 s4

Fig. 4. Leaves cutting in 4 sections. Top to bottom Left to right: white clover (437×199)
and orchardgrass (1024 × 308)).

Fig. 5. Leaves cutting in 6 sections. Top to bottom Left to right: white clover (437×132)
and orchardgrass (1024 × 205)).

Fig. 6. Leaves cutting in 8 sections. Top to bottom Left to right: white clover (437×99)
and orchardgrass (1024 × 154)).
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Table 1. Hu invariant moments values competed on samples of Figure 3

White clover orchardgrass

φ1 0.2190 1.3724
φ2 0.1024 0.2276
φ3 0.0353 0.1586
φ4 0.0220 0.1840
φ5 0.0247 -0.1745
φ6 0.0307 0.1940
φ7 -0.0178 -0.1530

Table 2. Hu invariant moments values competed on samples of Figure 4

White clover orchardgrass

s1 s2 s3 s4 s1 s2 s3 s4

φ1 1.5786 1.5673 1.3937 1.2854 0.2714 0.2778 0.2441 0.2311
φ2 1.4275 1.4054 1.2271 1.0876 0.1752 0.1490 0.0824 0.0977
φ3 0.7799 0.7896 0.6520 0.6889 0.0467 0.0889 0.0191 0.0544
φ4 0.7209 0.6971 0.5733 0.6679 0.0226 0.0681 0.0145 0.0376
φ5 0.7312 0.7160 0.5867 0.6704 0.0224 0.0727 0.0151 0.0413
φ6 0.8308 0.8085 0.6631 0.7336 0.0314 0.0737 0.0223 0.0458
φ7 -0.5849 -0.5620 0.4899 0.5210 0.0269 -0.0479 0.0140 -0.0240

Fig. 7. Classification error for three examples of cutting and classifiers
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In each area, geometrical features (14 features) and those based on Hu invariant
moments (7 features) are computed. The principal component analysis is then
used to select only the most discriminative features. These will constitute the
data processed by classification algorithms previously defined.

4 Results

Here we present the results describing the three cuttings that were used. Figure
7 presents classification results on data sets constituting the test set for three
classifiers. Note that the LDC classifier returns a low error rate classification
(0.04) for set 3 unlike to other classifiers. This rate remained stable despite
the change in the size of the training set (samples ≥100). Similarly, the result
obtained by the same classifier is very good for the other sets despite small sizes
of training set (samples ≥30). They showed a lot of potential to discriminate
leaves.

In general, the developments effectuated show that the shape features allowed
to discriminate between families where discrimination rate remains higher 90%
for cutting ≤ 3. Without the cutting of the leaves, the rate varies between 85%
and 100% depending on features selected, classification algorithms and size of
training set. In the case where the cutting is > 3, these features face difficulties.
This is explained by the fact that the selection of the obtained leaves become
smaller. So the geometry is reduced to rectangles with a few variations on the
edges. Precisely the rate of discrimination is 73% where leaves are cut into 10
regions.

Tables 1 and 2 give an idea about the Hu invariant moments values variation
before normalization. These values are computed on representative plant leaf
samples showed in Figure 3 and 4. So in light objectives, we believe that shape
features based on digital morphological features give a best separation between
the two families (fabaceae and poaceae). Thus the maximum cutting is 3. So
the width of the section of the leaf must be greater than the pixels for the two
families.

5 Conclusions

In this paper, we have presented an approach for measuring limits and robustness
of techniques to characterize the shape of objects. This approach has been tried
to separate fabaceae and poaceae families. This separation is based on plant
leaf species recognition extracted from high definition images. Recognition is
performed by a supervised classification process based on shape leaf description
using digital morphological features. These leaves are representative of grass-
land species studied by INRA in Lusignan (white clover, alfalfa, orchardgrass,
tall fescue and rye-grass). The DMF computed after applied a segmentation
process to locate the leaves and separate them from the ground. The results are
satisfactory given the divisions employed.
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This study shows that the shape features can separate the two families. The
difficulty is that using only this feature can not identify the species composing
these families. This problem is more complex to address because the strong
resemblance of geometrical shapes of leaves within each family. Further studies
are exploring texture and color features.
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