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Abstract 1. Goals

Plants play an important role in our Our main goal is to define an automated
environment. There are a huge number of plant recognition system, focusing on real-
plant species worldwide. To handle such world usability. Our main focus will be on
volumes of information, development of a the following:

quick and efficient classification method has
become an area of active research.
Designing a convenient and automatic
recognition system of plants is necessary
and useful since it can facilitate fast
classifying plants, and understanding and
managing them. Here we describe the
development of an Android application that
gives users the ability to identify plant
species based on photographs of the plant’s
leaves taken with a mobile phone. In this

e Performance - we wish to improve
on the results of current state-of-the-
art methods

e Portability - the system should be
easily portable, with good down-
scalability computational-wise,
without loss of performance so that it
can provide good results on modern
portable devices.

project, those salient features of plant leaves e Robustness - small variations in leaf
are studied that may be used as a basis for shape, photographing style and
plant classification and recognition. These background should not affect the
features are independent of leaf maturity outcome of the system.

and image translation, rotation and scaling

and are studied to develop an approach that * OS independence and Speed - the

system will be written as much as
possible from scratch in order to
achieve best performance for the
given task. Library dependencies
will be greatly limited so that the
Keywords current  system would be easily
integrated in a multitude of operating
systems such as Linux, MS.
Windows, iOS or Android.

produces the best classification algorithm.
The system will be first trained against
several samples of known plant species and
then used to classify unknown query species.

Aspect ratio, rectangularity, sphericity,
circularity, eccentricity, form factor
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2. Prior and related work

Many methodologies have been proposed to
analyze plant leaves in an automated
fashion. A large percentage of such works
utilize shape recognition techniques to
model and represent the contour shapes of
leaves, however additionally, color and
texture of leaves have also been taken into
consideration to improve recognition
accuracies. One of the earliest works [1]
employs geometrical parameters like area,
perimeter, maximum length, maximum
width, elongation to differentiate between
four types of rice grains, with accuracies
around 95%. Both color and geometrical
features have been used in [2] to detect
weeds in crop fields employing k-NN
classifiers. In [3] the authors propose a
hierarchical technique of representing leaf
shapes by  first  their  polygonal
approximations and then introducing more
and more local details in subsequent steps.
Fuzzy logic decision making has been
utilized in [4] to detect weeds in an
agricultural field. In [5] the authors propose
a two step approach of using a shape
characterization function called centroid-
contour distance curve and the object
eccentricity for leaf image retrieval. The
centroid-contour distance (CCD) curve and
eccentricity along with an angle code
histogram (ACH) have been used in [6] for
plant recognition. The effectiveness of using
fractal dimensions in describing leaf shapes
has been explored in [7]. In contrast to
contour-based methods, region-based shape
recognition techniques have been used in [8]
for leaf image classification. Wang et al. [9]
describes a method based on fuzzy integral
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for leaf image retrieval. In [10] the authors
used an improved CSS method and applied
it to leaf classification with self intersection.
Elliptic Fourier harmonic functions have
been used to recognize leaf shapes in [11]
along with principal component analysis for
selecting the best Fourier coefficients. In
[12] the authors propose a leaf image
retrieval scheme based on leaf venation,
represented using points selected by the
curvature scale scope corner detection
method on the venation image and
categorized by calculating the density of
feature points using non parametric
estimation density. In [13] the authors
propose a new classification method based
on hypersphere classifier based on digital
morphological feature. In [14] 12 leaf
features are extracted and orthogonalized
into 5 principal variables which consist of
the input vector to a neural network (NN),
trained by 1800 leaves to classify 32 kinds
of plants. NNs have also been used in [15] to
classify plants based on parameters like size,
radius, perimeter, solidity and eccentricity of
the leaf shape. In [16] shape representation
is done using a new contour descriptor based
on the curvature of the leaf contour. Wavelet
and fractal based features have been used in
[17] to model the uneven shapes of leaves.
Texture features along with shape identifiers
have been wused in [18] to improve
recognition accuracies. Other techniques
like Zernike moments and Polar Fourier
Transform have been proposed in [19] for
modeling leaf structures. In [20] authors
propose a thresholding method and H-
maxima transformation based method to
extract the leaf wveins for vein pattern
classification. Finally in [21] a combination
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of all image features viz. color, texture and
shape, have been used for leaf image
retrieval.

3. Proposed system

The algorithm of our system for classifying
plant species proceeds as follows. An image
of the leaf of interest is acquired and
preprocessed to obtain a binary image of the
leaf’s contour. For several samples of leaves
from a given species, morphological features
are extracted from the contour image. This
data is used to train the algorithm by
determining the median value of each
feature for a given species. As more samples
are added to the training set, the algorithm
becomes for effective at identifying a given
species. Figure 1 below shows the block
diagram for plant leaf recognition.

Image Preprocessing

Conversion to Conversion to Image

Grayscale image Binary image Segmentation

Image
Acquisition

Image Contour

Smoothing Detection

Classification

Measure Compute Maorphological
Classifier feature
Similarity Vector

Feature Extraction

Display Leaf
Details

Figure 1 Block Diagram for Plant Leaf
Recognition

3.1  Image Acquisition

The input to our algorithm is a photograph
of a leaf of unknown species taken with the
mobile phones’s camera. It is reasonable to

assume a certain degree of uniformity in the
acquired images, i.e. the picture will be
taken at a reasonable distance, in decent
lighting, roughly normal to the surface, and
against a background which provides
sufficient contrast.

3.2 Preprocessing

Before extraction of morphological features
can begin, the outline contour of the leaf
must be found. The first step in this process
is to convert the acquired color image to a
grayscale image. Following this, image
segmentation is performed to identify leaf
pixels and background pixels. After holes
have been closed and small regions
removed, the segmented image is converted
to binary and the interior of the leaf is
subtracted, leaving an image of the leaf’s
outline contour as shown in figure 2.

Figure 2 Sample leaf before and
after preprocessing

3.3 Morphological Feature Extraction

After an extensive review of literature and
experimentation with various combinations
of digital morphological features, we
decided to include the following features in
our final algorithm: aspect ratio,
rectangularity, convex area ratio, convex
perimeter ratio, sphericity, circularity,
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eccentricity, form factor, regional moments
of inertia, and angle code histogram. The
latter two features are based on invariable
moments while the rest are geometrical.
Each of the features, along with a helper
feature, the centroid-contour distance curve
is described below.

a. Centroid-contour Distance
Curve: The CCD describes the
distance from the leaf centroid to
the leaf contour as the contour is
traced in either a clockwise or
counter-clockwise direction.
Although the CCD is translation-
invariant and can be made scale-
invariant by normalization, it
requires  accurate  rotational
alignment.

b. Aspect Ratio (AR): The aspect
ratio is the ratio between the
maximum length Dpax and the
minimum length Dy, of - the
minimum  bounding rectangle

(MBR).
AR = DM
D min
c. Rectangularity (R):

Rectangularity is defined as the
ratio between the region-of-
interest (ROI) area and the MBR
area

R = Azor
(D

"IID!."::'?'!)

max !

d. Convex Area Ratio (CAR): The
convex area ratio is the ratio of
the ROI area and the convex hull
area (AC).

1JERTV 21580649 www.ijert.org

CAR =

International Journal of Engineering Research & Technology (IJERT)

ISSN: 2278-0181
Vol. 2 Issue 8, August - 2013

Azor

AC

Convex Perimeter Ratio (CPR):
The convex perimeter ratio is the
ratio of the ROI perimeter (Proi)
and the convex hull perimeter
(PC).

PF:‘G'.’

CPR = —

PC

Sphericity (S): Sphericity is the
ratio of the radius of the incircle
of the ROI (r;) and the radius of
the excircle of the ROI (r).

Figure 3 a) MBR, b) Convex Hull,

c) Incircle and Excircle

g. Circularity (C): Circularity is

based on the bounding points of
the ROI and is the ratio of the
mean distance between the center
of the ROI and all of the
bounding points (uR)and the
quadratic mean deviation of the
mean distance (sR).

LR
c=12

=R
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h.

E =

FF =

Eccentricity (E): Eccentricity is
the ratio of the length of the main
inertia axis of the ROl (EA) and
the length of the minor inertia
axis of the ROI (EB).

EA
EE

Form Factor (FF): Form factor
is a  well-known  shape
description characteristic given

by

A Ago;

Pgor

Regional Moments of Inertia
(RMI): Regional moments of
inertia  (RMI) capture spatial
information about the weight
distribution of the leaf at
different positions along its
vertical axis. Because our leaves
maintain constant orientation and
are generally symmetric about
their vertical axis, Ixx quantities
for four different regions are
used as a descriptor. In order to
make these descriptions scale-
invariant, leaf area images are
first cropped with a bounding
box and uniformly resized to a
height of 240 pixels before
calculations are performed.

1 .
In‘ = EZ (Ii — Xentroid :I_

x; =R

|11
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Figure 4 RMI

k. Angle Code Histogram (ACH):
Points along the leaf contour are
joined to make line segments and
angles between adjacent line
segments are measured. A
histogram consisting of five
uniformly-sized angle bins, each
designated by a 1-5 angle "code,"
is populated with all angles
measured along the contour. The
histogram is normalized and used
as a five-dimensional leaf
classifier.

4. Training, Classification, and
Matching

Fifteen samples of each leaf class [Ground
Nut, Mango, Tulsi, Rose, Ashoka,
Gulmohar] were acquired for class training.
They were segmented from the background
and their contours were extracted in the
same manner that query leaves were pre-
processed before matching. The five scores
for each of the features within a class were
averaged to determine the feature vector for
the class.

For each morphological feature, a weight
was manually assigned. First, the four
regional moments of inertia were scaled to
1/4 each, and the five ACH bins were scaled
to 1/5 each, since the regional moments of
inertia and ACH essentially describe one
feature with multiple parts. Total weights for
the ten features are shown in Table 1.

To determine a query leaf's correct match,
the query leaf's feature vector is computed
and its difference from each leaf class
represents its feature similarity vector. The
feature  similarity vectors are then
normalized and weighted, and their
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Euclidean distance is calculated in the high-
dimensional space. The order of the
resulting vector of class distances represents
the order of similarity.

Table 1 Feature Weights

Aspect Ratio 1
Rectangularity 1
Convex Hull Area 1
Ratio
Convex Hull 1
Perimeter Ratio
Sphericity 1
Circularity 1
Eccentricity 0.5
Form Factor 1
Regional Moment | [0.5, 0.5, 0.5, 0.5]
of Inertia
Angle Code [0.4,0.4,0.5,0.4.0.4]
Histogram

5. Android Implementation

A live viewfinder displays the overlay of the
current leaf segmentation. This allows the
user to review the results of the
segmentation and take the image when the
region is acceptably highlighted as shown in
Figure 5.

Figure 5 Highlighted Leaf Region
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Then the touch-screen based rotation
interface lets the user orient the leaf shape in
an upright position as shown in Figure 6.

Tap+Drag the photograph to rotate it into an upright orientatic

Figure 6 Leaf Orientation in Upright
Position

Once the user corrects the leaf shape
orientation, a busy animation is displayed
while the application generates a feature
vector and performs distance calculations
against class centers as shown in Figure 7.
Finally, the distance between the generated
feature vector and each of the six class
centers is displayed in a list.

GroundNut Distance: 0.8604571
Guimohar Distance: 0.9607355
Tulsi Distance: 2.4664493

Ashoka Distance: 2.031358

Mango Distance: 1.9769436

Rose Distance: 1.6749703

Figure 7 Euclidean Distance
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The class with the lowest reported distance
is the class the algorithm has identified as
the likely species of the query leaf as shown
in Figure 8.

Final Match

The Leaf is Rose

Figure 8 Leaf Match Ul

6. Conclusion and Future Scope

In this paper, a digital morphological feature
based automatic recognition method for
plant images was proposed and performed.
We classify plant species based on the
nearest neighbor distance of the query leaf’s
features from the median features of each
species in the training set. Our method
proved quite robust under reasonable
conditions.

To improve usability, an improvement
would be to optimize the speed of the live
viewfinder segmentation algorithm. The
current implementation uses a large amount
of iteration that might be avoidable, and the
low frame rate and slight delay of the
current viewfinder overlay can make it
difficult to point precisely at skinny leaf
regions.
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