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Abstract—Plant classification remains a very useful and impor-
tant task for scientists, field guides and others. Plant classification
has been attempted in many ways such as with cellular and
molecular biology. Using computer vision, this process can be
automated. Images of the leaves of the plant are analyzed using
various techniques such as PCA, morphological feature analysis
and Hu’s invariant moments to train a database of leaves. To
classify a plant, an image of one of its leaves is presented to the
system which is analyzed and compared using various distance
measures. The closest match then decides the plant from which
the leaf came. The results are promising with a 92% success rate
using a combination of morphological feature analysis and Hu’s
invariant moments with the Euclidean distance measure. These
results are obtained without any manual intervention.

Index Terms—plant classification, leaf recognition, feature
extraction, PCA, morphological features, invariant moments,
Euclidean distance, Cosine distance, Mahalanobis distance.

I. INTRODUCTION

Plants are an integral part of all natural life [1] and systemat-
ically classifying them helps ensure the protection and survival
of all natural life. Plant classification can be performed using
many different techniques including cellular and molecular
biology as well as using the plant’s leaves (first proposed by
Hicher in 1973) [1], [2], [3]. Leaves are useful to classify
plants since they are more readily available than the other
defining elements of plants such as reproductive organs which
are typically only available for a short period in the season
[4]. Classifying plants using leaves usually uses descriptions
by botanists who describe the different features including
shape, texture and veins [1], [2], [4], [5]. However, this is an
expensive and time-consuming approach so an alternative that
reduces this cost would be useful. Computer vision techniques
can attempt to solve this problem in a similar way to human
experts: by analyzing the texture, shape and veins of the
leaves and then comparing them with the leaves of known
plants. Furthermore, these techniques would solve the problem
efficiently.

II. PRIOR AND RELATED WORK

There has been substantial work in recent years in the
computer vision field for leaf recognition. It was first ap-
proached by Petry and Kühbauch who used the shape and
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structure of leaves to automatically classify weed species.
This morphological feature extraction technique has been used
many times. Wu et al. used twelve morphological features
(including vein features) and a neural network to achieve a
90.312% classification accuracy [1]. Knight et al. used eleven
morphological features to achieve a classification accuracy
of 80% [6]. The novelty of this approach was that it was
implemented as a mobile application designed for field guides.
Tzionas et al. used a number of morphological features and a
fuzzy surface selection technique to achieve a 99% classifica-
tion accuracy even with leaves that are deformed and oriented
incorrectly [7]. Contrary to most approaches, Prasad et al. used
the full colour of the leaf in conjunction with a support vector
machine to achieve a 95% accuracy [8]. However, this has the
disadvantage that dry leaves cannot be used as they will be a
different colour from a leaf that has just been picked.

There have also been a number of approaches that use
texture analysis to perform leaf recognition. Ehsanirad used a
Gray-Level Co-occurrent Matrix (GLCM) and Principal Com-
ponent Analysis (PCA) to achieve classification accuracies of
78.46% and 98.46% respectively [2]. Using a Probabilistic
Neural Network with PCA, Singh et. al. achieved a 91%
classification accuracy [5]. Cope et al. compared four different
texture methods for classification [4]: Gabor filters, Fourier
descriptors, Co-ccurrent matrices and Gabor Co-occurrences to
achieve classification accuracies of 50.78%, 82.42%, 69.14%
and 85.16% respectively.

Finally, some researchers have combined both morpho-
logical and texture-based techniques. Beghin et al. used the
Contour Signature method for shape classification and the
Sobel operator for texture classification. The result was a
classification rate of 81.1%, significantly better than either of
the methods when used alone.

The problem with a number of these techniques is that they
require some manual intervention such as correctly orienting
the image [6] or identifying the end points of the leaf’s main
vein [1].

III. METHODOLOGY

Two major algorithms were investigated and are presented
in this paper. The first is a straightforward PCA-based texture
classification method. The second is a more complex algorithm
based on a number of shape descriptor features. Finally, a
combination of these two algorithms is presented.
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Fig. 1. Overview of the system

Each algorithm is presented with a number of samples
of leaves. The system is trained on these leaves and their
corresponding plant names. The system is then tested by
presenting unseen leaf samples and comparing the distances
between it and the training samples to determine which plant
category the leaf belongs to.

An overview of the system is shown in Figure 1.

A. PCA

The training phase is performed and a two-dimensional
matrix of weights is generated as well as a number of
eigenpictures. During the testing phase, these eigenpictures are
used to generate a weight vector for the testing image. The
weight vectors are then compared leading to a classification.
The following describes the process in more detail.

1) Preprocessing: Each leaf is converted to gray-scale
using the formula:

l =
r + g + b

3
(1)

where l is the resulting grayscale value, r is the red component
value, g is the green component value and b is the blue
component value. Furthermore, they are re-sized to a smaller
and consistent size (400 x 300) in order for the processing to
be faster.

2) Eigenpictures: The eigenpicture approach proposed by
Turk and Pentland [9] is used. The training images are placed
in a matrix and from this, a smaller number of characteristic
features called eigenpictures are generated. Each training
image is then represented as a linear combination of these
eigenpictures. Thus, it is possible to represent an image
as a weight vector. In this way, the dimensionality of the
feature space is much reduced while still retaining significant
information. The implementation of this algorithm was based
significantly on work by Delac et al. [10].

3) Distance Measure: When an unknown image is pre-
sented to the system, its corresponding weight vector is calcu-
lated in terms of the original eigenpictures. The distance from

this weight vector to every training image’s weight vector is
calculated using either the Euclidean, Cosine or Mahalanobis
distance measure [11], as shown in equations (2), (3) and (4)
respectively:
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where Ai is the ith element of the training image’s weight
vector, Ti is the ith element of the testing image’s weight
vector, n is the dimensionality of the weight vector and !i is
the eigenvalue of the ith eigenvector.

The training leaf which minimizes the distance between
itself and the testing leaf is taken to be the matching leaf.
The plant class of the matching leaf is given as the plant class
of the unknown leaf.

B. Shape

This method makes use of 38 morphological features to
attempt to recognize the leaf and hence classify which plant
species it belongs to. Training involves calculating a 38-tuple
for each image. The calculation of one image’s vector is
independent from every other image’s vector. This method’s
representation is hence far more compact than the PCA method
despite the fact that the eigenspace approach reduces the
dimensionality of the feature space. Once training is complete,
the same method is used to generate a 38-tuple for a testing
image. This vector is then compared with each training image’s
vector leading to a classification. The following describes the
process in more detail.

1) Preprocessing: Each leaf is converted to gray-scale
using (1). Secondly, a median filter of radius 10 is applied
to the image to reduce noise. Then, the Huang thresholding
method is applied to binarize the image. A fill method, as
implemented in ImageJ [12], is applied to this result to fill
any holes that may be still remaining in the leaf. Finally, each
leaf is cropped to contain only the extents of the leaf and
re-sized to a square 600 x 600.

An example of the steps taken during preprocessing is
shown in Figure 2.

2) Calculation of Feature Vector:

• Perimeter – defined as the length of the outside boundary
of the selection.

• Circularity – a value of 1.0 indicates a perfect circle, a
value approaching 0 indicates an elongated shape. This
is also known as the form factor [6], calculated using:

Circularity = 4"
Area

Perimeter2
(5)
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Fig. 2. Preprocessing for the Shape method

• Aspect ratio – the aspect ratio of the leaf’s fitted ellipse,
calculated using:

AspectRatio =
MajorAxis

MinorAxis
(6)

• Roundness – calculated using:

Roundness = 4
Area

"MajorAxis2
(7)

• Solidity – also known as the convex area ratio [6],
calculated using:

Solidity =
Area

ConvexArea
(8)

• x and y center of mass – the brightness weighted average
of the x and y coordinates over all the pixels in the image.

• Feret measures – a number of values calculated from the
Feret diameter. This is the maximum distance between
any two points on the leaf boundary, also known as the
maximum caliper. The angle of the Feret diameter is
calculated as well as the projection of the object in the x
and y directions. Finally, the minimum distance between
any two points on the leaf boundary is calculated, also
known as the minimum caliper.

• x and y ROI – the x and y coordinates of the region of
interest.

• x and y centroid – the average of the x and y coordinates
over all the pixels in the image.

• Area – the area of the leaf. Given that the leaf is correctly
thresholded, this is calculated simply by counting the
number of foreground pixels in the image.

• Rectangularity – the ratio between the area of the region
of interest and the area of the minimum bounding rect-

angle [6].

Rectangularity =
Area

Areambr
(9)

• Waddel disk diameter – the diameter of an equivalent disk
that has the same area as the leaf [7].

WDD =

'

4Area

"
(10)

• Hydraulic radius – calculated by dividing the leaf area
by the leaf perimeter [7].

HR =
Area

Perimeter
(11)

• Perimeter ratio of diameter – the ratio of the perimeter
of the leaf to its diameter [1].

PRD =
Perimeter

Diameter
(12)

• Perimeter ratio of physiological length and width – the
ratio of the perimeter of the leaf to the sum of the
physiological length and width [1].

PRP =
Perimeter

Lp +Wp
(13)

• Narrow factor – defined as the ratio of the diameter of
the leaf and its physiological length [1].

NarrowFactor =
D

Lp
(14)

• Smooth factor – uses the effect of noise to the area of
the image to describe the smoothness of the leaf [1]. The
smooth factor is defined as the ratio between the area of
the leaf smoothed by a 7 x 7 averaging filter and the area
of the leaf smoothed by a 3 x 3 averaging filter.

• Maximum length – defined as the length of the longest
horizontal chord consisting of successive leaf pixels (fore-
ground pixels) [7].

• Maximum width – defined as the width of the longest
vertical chord consisting of successive leaf pixels (fore-
ground pixels) [7].

• Hu’s seven invariant moments – the Hu set of image
moments is a set of seven moments that remains invariant
under changes in translation, scale and rotation [13]. The
seven moments are calculated from the gray-scale image.
The implementation is based on work by Foster et al.
[14].

• Vein features – a description of the veins of the leaf is
obtained in a multi-step process [1]. Firstly, morpholog-
ical opening is performed on the gray-scale image with
a disk-shaped structuring element of radius 1, 2, 3 and
4. The area of each of the resulting images is calculated
and subtracted from the gray-scale image. The area of the
resulting images are denoted Av1, Av2, Av3 and Av4. The
vein features are calculated as Av1

Area
, Av2

Area
, Av3

Area
, Av4

Area

and Av4

Av1
.
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3) Normalization: Since the feature vector is calculated
using many different techniques, the vector needs to be nor-
malized before being used with a distance measure to avoid a
particular feature in the vector dominating the overall distance.

To achieve this, the mean and maximum of each column of
the training matrix is calculated. The training matrix is a two-
dimensional matrix where each column represents a particular
feature such as rectangularity and each row represents the
entire feature vector for a particular training image. Then, each
normalized element of a column is obtained by subtracting
the column’s mean from it and dividing by the column’s
maximum.

vnormij =
vij !

%

n

i=1
vij

n

max1!i!n vij
j = 1 . . . 38 (15)

where vij is the jth element of the ith image’s weight vector
and n is the number of images.

4) Distance Measure: When an unknown image is pre-
sented to the system, its corresponding feature vector is
calculated using the exact same process as for the training
images. The distance from this feature vector to every training
image’s feature vector is calculated using either the Euclidean
distance (2) or the Cosine distance (3).

The training leaf which minimizes the distance between
itself and the testing leaf is taken to be the matching leaf.
The plant class of the matching leaf is given as the plant class
of the unknown leaf.

C. Combination

This method is a combination of the previous two methods
using a committee of networks to combine the results.

1) Training: The training is performed by completing the
entire training process for each of the previous two methods,
PCA and Shape, and storing the results individually.

2) Testing: To test an unknown image, the image is tested
on each of the individual systems, PCA and Shape using the
Cosine distance measure for PCA and the Euclidean measure
for Shape. Each of these tests will generate a list of distances
from the unknown image to every training image. The lists are
sorted by shortest distance ascending. The top five elements in
each list are analyzed and the leaf class with the highest mode
is declared to be the correct result. If there is a tie, the leaf
class with the smallest distance sum is chosen as the correct
result. This tie-breaking rule is needed due to the fact that
there are only two experts. For example, suppose the distance
lists (after being trimmed to five elements) are 2, 2, 3, 2, 4 and
3, 3, 2, 2, 1. The winner will be declared to be class 2 because
the frequency of class 2 is 5 which is the highest (class 3 is 3,
class 4 and 1 are both 1). In this way, a committee of networks
with ensemble averaging is implemented.

IV. RESULTS AND DISCUSSION

To train and test the images, the Flavia Leaf database [1]
was obtained and used. The training and testing procedure
was divided into eight runs. Each run consisted of generating
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Fig. 3. Classification results for each run

TABLE I
DETAILED RESULTS

Distance Measure PCA Shape Combo
Euclidean 85.2% 91.9% -

Cosine 85.4% 91.9% -
Mahalanobis 83% - -

Euclidean + Cosine - - 89.2%

TABLE II
STATISTICAL SUMMARY

PCA Shape Combo
Percentage 85.38% 91.92% 89.23%

Mean 55.5 59.75 58
Median 56 60 58.5
Variance 9 1.94 13

Total 444 478 464

a random sample of 15 training images and 5 testing images
from 13 classes which made a total of 195 training images
and 65 testing images per run.

Each method was tested with the relevant distance measures
and the average classification accuracy of each test was
collected to produce the results shown in Table I.

The results show that for PCA, the best distance measure
to use is the Cosine measure. For the Shape method, either
Euclidean or Cosine could be used but Euclidean would be
preferred since it is a simpler measure.

Table II shows the statistical summary for the best result of
each method.

Figure 3 shows a graph of the number of correct classifi-
cations out of 65 for each run when using the best distance
measure for each method.

From the results shown, it is clear that the morphological
feature method has a superior performance compared with
both of the other methods. Not only does it have the highest
classification percentage, it also has by far the lowest variance
– this means it is the most consistent as well. These results
compare similarly to those from literature.

The PCA results from literature [2] are significantly better
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than the PCA results obtained here. However, those results
were obtained by training with many more images per class
(30 vs 15) and the leaf database that was used appeared to
contain leaves that were very distinctive compared with the
Flavia database which contains many different types of leaves
that are difficult to discern between.

One area where PCA is better than Shape is in terms of
processing time. The performance of the PCA method in terms
of processing time is much quicker than for the morphological
feature method. To process one run for PCA takes 241s
on an Intel Core 2 Duo 3.0GHz compared with 986s for
Shape. However, the nature of the calculations used for the
morphological feature method lend themselves favourably to
parallel processing (it is embarrassingly parallel). By imple-
menting the Shape algorithm in parallel, the processing time
was improved from 986s to 593s on the two-processor Intel
PC. It would also be possible to implement the algorithm on
a cluster, with the images divided equally between each node.
The performance speedup would be linear with the number
of processors. Since the Combo method uses both PCA and
Shape training, it requires a significantly longer training time
than both of them (842s) – yet the results are no better than the
Shape method. Both methods, however compare favourably
with a PCA eigenpictures method from literature which took
nearly two hours to train and over a minute per testing image
[2].

A limiting factor for the PCA algorithm is memory. Since
the eigenpicture method requires manipulation of all the
images as a two-dimensional matrix, processing a very large
training set would require more memory than the system has
available, causing the training to fail.

Finally, the data storage required for the PCA algorithm,
while much reduced due to PCA dimensionality reduction, is
much greater than that required for the morphological feature
method. As an example, the training data generated from the
PCA method for one run amounted to 188MiB while the Shape
method required only 56KiB. While this is not significant on
a PC, it may be significant if the algorithm were to be used on
a mobile phone where both primary and secondary memory
are limited in size.

V. CONCLUSION

Three systems have been developed to classify plants using
leaf recognition. The first system uses the PCA eigenpictures
method to classify the leaves. While the results are satisfactory

– achieving 85.38% classification accuracy – there are some
scalability issues. The second system uses a morphological
feature approach to classify the leaves. These results are
superior achieving a 91.92% classification accuracy. While
the base performance is slower than for PCA, it is far more
scalable. Finally, the combination method using a committee
of experts with ensemble averaging achieved an accuracy in-
between the other two of 89.23%.
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