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Abstract 
In agriculture and medicinal plant recognition/classification 
has great application prospective and is especially significant 
to biology diversity research. The shape of plant leaves is an 
important feature for the visual characterization of various plants. 
As many plants face extinction, it is necessary to start a plant 
protectiondatabase. Various methods automate leaf recognition 
for plant classification. In this paper, a proposed Differential 
Evolution along with GA optimization algorithmis optimized and 
the percentage of classification accuracy is determined.

Keywords 
Plant Leaf classification, Differential Evolution, Genetic Algorithm 
(GA)

I. Introduction
Plants are integral to natural life and a systematic classification 
helps ensure protection/survivalof natural life. Plant 
classificationis performed with different techniques including 
cellular and molecularbiology and using plant leaves. Leaves 
can classifyplants as they are available than any otherdefining 
plant elements like reproductive organs whichare available only 
seasonally. Plant leaves classification uses botanist’s descriptions 
to describe various features like texture, shape and veins. But, this 
is both expensive and time-consuming and hence a cost reducing 
alternative becomes useful. Computer vision techniquescattempt 
this in ways similar to humanexperts: analyzing leaves texture, 
shape and veins and comparing them to leaves of knownplants. 
Such techniques solve such issues efficiently [1]. Plants exist all 
around us. Many have significant information for human society’s 
development. The situation is that manyplants face extinction 
thus necessitating a database for plant protection [2]. Historically, 
identifying unknown plants required consultation with a field 
guide, where users make plant features obscure observations 
and navigate a complex decision tree, a non trivial process for 
even seasoned botanists. Also carrying guides into fields was 
impractical specifically for hikers/casual users. The arrival of 
portable, computationally powerful smart phones with huge 
storage capacity replaced and improved database/decision tree 
functions, replaced field guide’s functions and also led to the 
creation of automatic leaf classification applications based on 
image processing methods,now standardized on mobile platforms 
[3].
Plant leaves shape is of importance to plantbiologists/botanists, 
as they distinguish plantspecies/measure plant health. Traditional 
approach toidentifying/classifying plant species included training 
taxonomiststo assign semantic labels/keys manually. Specimens 
numbers were large as collected by botanists (over 7 million dried 
specimens are stored in herbaria). Single speciesidentification 
using keys takes hours/days, for specialists.This necessitated 
automation of classification/recognition processes. Leaves contain 
a lot of information about plants as they are characterized by 
colour,texture, vein structure and shape. While colour/texturevaries 
with time/different environmental conditions, shape has highest 
discriminative power. Species have characteristic leaf shapes, 

used by botanists to identify them. Also, shape iseasy to extract 
from images and a leaf’s gross structure may be preserved even 
if leaf is damaged by age or insects [4]. Plants role in nature’s 
life cycle is important as they are primary producers sustaining 
all life formsincluding people. Plants are the only organisms 
converting light energy from sun to food. Animalsare incapable 
of creating their own food; depend directly/indirectly on plants 
for this.Also,all oxygen for living organisms is from plants. Plants 
are the primary habitat for 1000’s of organisms. Much of the fuel, 
people use like coal, natural gas and gasoline, are from plants 
millionsof years ago. Recently, people are destroying natural 
environments, resulting in many plants dying and continuing to do 
so every year.This ecological crisis has led to serious consequences 
including land desertion, climate anomaly, and floods etc; which 
today menace human survival.Today people realise the value/
urgency of protecting plants. Besideseffective measures for plant 
protection, ordinary people should know how to classify plants 
as this further enhances public’s plant protection consciousness. 
Hence, in addition to botanists, non-professionalresearchers pay 
more attention to plant classification [19]. Plant recognition/
classification has applications in agriculture and medicine, 
especiallyfor biology diversity research. In Botany, plant leaf 
classification has application in tea and cotton industries. Plants are 
vital for environmental protection but, it is difficult to recognize 
earth plant species. Many carry information for human society’s 
development. Today many plants face extinction and so it is 
necessary to create a database for plant protection.
Leaf recognition plays an important role in plant classification. 
Plants identification is based on flowers/fruits. But, as they are 3 
dimensional objects it increases complexity. Flowers/fruits based 
plant identification needs morphological features like stamens in 
flower and ovaries in fruits. Identifying plants using such keys is 
time consuming and is tried only by trained botanists.In addition 
to this, there are many drawbacks in identifying plants using 
features like unavailability of morphological information and 
botanical terms that only experts understand. Leaves however 
play an important role in identifying plants.Also, leaves are found/
collected in all seasons, while flowers are collected when they 
bloom only.Plant leaves shape is an important feature for visual 
characterising of plants [20]. Plant leaves are 2 dimensional in 
nature and so they suit machine processing. Hence, leaves are 
widely used for computer aided plant classification.
Evolutionary Algorithms (EAs) are heuristics successfully applied 
to many areas. In real-world optimization applications, formulating 
optimization goal as a scalar function is possible. There are many 
criteria/objectives, and usually they are in conflict witheach other. 
Combining different associated objective functions in linearlyis 
unsatisfactory. One is interested in Pareto optimalset of solutions, 
meaning any solution which cannot be improved regardingan 
objective without worsening the situation for other objectives. 
Thus multiobjective optimization has 2 goals: (I) to locate 
solutions close to Pareto front, and (ii) finding diverse solutions 
in obtainednon-dominated front. Satisfying both is challenging 
task any multiobjective optimization algorithm. Special strategies 
are required to handle multiobjective optimization problems. As 
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EAs work on candidate solutions populations, they represent a 
basic framework for multi-objective optimization [26]. Similar 
to GA, DE is a population based algorithm which is a stochastic 
optimization procedure to minimize an objective function 
modelling problem’s objectives while incorporating constraints 
[21].

II. Literature Review
A novel framework for recognized/identified plants using texture 
features, vein, color and shape combined with pseudo Zernike 
movements was proposed [5]. Radial basis probabilistic neural 
network (RBFNN) was the classifier to train which the authors 
used a dual stage training algorithm which enhancedclassifier 
performance. Simulation results on Flavia leaf dataset indicates 
that proposed leaf recognition method yielded an accuracy of 
95.12%.Authors concluded that incorporating pseudo-Zernike 
moments for feature descriptors was a feasible alternative to 
classify structurally complex images. They offer invariance 
features revealing enhanced performance compared to other 
moment based solutions. Even when input was blemished with 
intense noise, they offered a viable/accurate leaf recognition 
method. In Pseudo-Zernike moment’s only negative aspect was 
costly computation, making them inept for some issues. But 
they still can be computed parallelly and when computational 
performance increased, calculation time will not be a problem 
in the future. Also, as pseudo-Zernike moments computation for 
feature descriptors was time intensive, the authors proposed dual 
stage training algorithm to train RBF neural networks reducing 
time intensive problem linked to pseudo-Zernike moments.
Reference [6] reported results of experiments to improve leaf 
identification system performanceusing Principal Component 
Analysis (PCA). The system combinedleaf derived features from 
shape, vein, colour, and texture. PCA was incorporated to convert 
features into orthogonal features. Results were input to classifier 
which used Probabilistic Neural Network (PNN) and was tested 
on 2 datasets, Foliage and Flavia, having various colour leaves 
(foliage plants) and green leaves respectively. The results proved 
that PCA increases leaf identification system accuracy in both 
datasets.
Reference [7] proposed a new framework to recognize/identify 
plants using shape, vein, colour, texture features combined with 
Zernike movements. Radial basis probabilistic neural network 
(RBPNN) was the classifier to train which, a dual stage training 
algorithm which enhanced classifier performance was used. 
Simulation results on Flavia leaf dataset showed the proposed leaf 
recognition method yielded an accuracy of 93.82%.The authors 
proposed a dataset named Flavia, having 32 types of leaves. Based 
on this, 40 plants per species were used to train network, and 
10 plants per species tested the proposed system’s performance. 
For each plant type, 10 leaves pieces from testing sets tested 
the algorithm’s accuracy.Advanced leaf recognition based on 
leaf contour and plant classification centroid was proposed [13]. 
Frequency domain data was used to performFast Fourier transform 
(FFT) to undertake advanced leaf recognition. Twenty leaf features 
were extracted for leaf recognition. To verify approach validity,1907 
leaf images classified 32 plants types. Experimental results with 
proposed advanced leaf recognition revealed average recognition 
rate of 95.44%. Authors suggested advanced leaf recognition for 
plant classification dependent on leaf contour/centroid. Authors 
extracted 20 features for leaf recognition. From experiments, it 
can beconfirmed that recognition rate for proposed advanced leaf 
recognition was better than existing leaf recognition.

A feed forward neural network to automate leaf recognition for 
plant classification was proposed [22]. Classification accuracy of 
Normalized Cubic Spline Feed Forward Neural Network (NCS 
– FFNN) was compared to RBF, CART and MLP.Classification 
accuracy of proposed NN was compared to RBF, CART and MLP. 
Correlation feature selection chose features.Extracted features 
were trained with 10 fold cross validation and tested with CART, 
RBF, MLP classifiers as also the proposed neural network. The 
output with feed forward neural network for a 9 class problem 
was satisfactory as it had better accuracy and recall.
A computer system that recognizes plants by using leaf/flower 
image was suggested [8]. The system included 4 main modules, 
image recognition, image pre-processing, image acquisition and 
display result. In image acquisition module, system captures a 
leaf/flower image, taken with a digital camera. The image used 
white paper as background, with a ping-pong ball bys the side of 
the leaf/flower. In image pre-processing module, system applied 
many image processing techniques to prepare leaf/flower image 
for features extraction. In image recognition module, system 
extracted 8 features from leaf/flower image recognizing through 
Euclidean distancealgorithm. In display result module, system 
displayed recognition results. Experiment was on 30 leaf types, 
with a total of 1,075 images, and 30 flower types. System precision 
was 76.8 percent and 74 percent to recognize leaf and flower 
images, respectively. Average access time for system was 6.21 
seconds per leaf image and 5.69 seconds per flower image.
Reference [9] suggested importance of leaf length, width, area 
and perimeter asresults from feature selection,chose them as the 
most discriminant and combined them with other morphological 
features thereby increasing results to 85 %. But, as study was 
based on limited sample size, findings reconfirmation was 
needed with adequate sample size. As automated system was 
a novel plant identification method from herbarium specimens, 
authors believed performance, accuracy and results received were 
promising with potential in real plant identification applications. 
To improve, numerical results need to find best back propagation 
models. An automatic segmentation method for scanned images 
of cucurbits leaves stained to visualize ROS accumulation sites 
featured by specific colour hues and intensities was proposed 
[10]. The leaves were placed separately in scanner view field 
on a colour background and were extracted by thresholding in 
RGB colour space, and cleaned from petioles to get a leaf blade 
mask. The method’s second stage includes classification within 
mask pixels in hue-saturation plane with 2 classes, determined 
by leaf regions with/without ROS reaction colour products. 
Now, a 2-layer, hybrid artificial neural network was applied to 
1st layer as self-organising Kohonen type network and a linear 
perceptron output layer (counter propagation network type). The 
WTA-based, fast competitive first layer learning increasedthe 
clustering reliability. Widrow–Hoff supervised training used 
at output layer used manually labelled patterns from training 
images. The network model’s generalisation ability was verified by 
K-fold cross-validation. The method accelerated the leaf regions 
measurement in ROS reaction colour products and measurement 
accuracy improved.
Reference[11] reviewed main computational, morphometric 
and image processing methods used recently to analyze plant 
images, introducingreaders to relevant botanical concepts. Authors 
discussed leaf outlines, flower shape, vein structures and leaf 
textures, and analytical methods used. Authors also discussed 
many systems which applied to this research, including prototypes 
of hand-held digital field guides and various robotic agriculture 
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systems. They ended with a discussion of ongoing work and 
outstanding area problems. Reference [12] determined whether 
CCM texture features could be used with standard BP neural 
network topologies to discriminate between 5 weed species/ 
soil. Specifically, weed image CCM texture features determined 
which features had great discriminant capacity. Network training 
parameters selection was evaluated and training process checked 
for repeatability. Then, a near optimal network topology was 
identified, which calculated CCM statistics for specified matrices. 
A full description of GCVIS/CCM texture analysis is seen in Burks 
(1997) and Shearer and Holmes (1990), respectively.
Reference [24] presented design/implementation of artificial vision 
system which could extractgeometrical/morphological features 
from plant leaves. Initially, from plants in native environments 
were collected/used as samples to test the proposed system. Then, 
more samples from diverseenvironments were classified. Reference 
[23] proposed using at least one exposed leaflet found in Hindman 
plant images. Leaflets extracted from images appeared visually 
parallel to camera lens plane. It was assumed that orientation angle 
was invariant. Leaf subimages were extracted using Photoshop 
and analyzed for shape with EF analysis. Misclassifications may 
have led to slight variations in leaf plane orientation. This can 
distort leaf shape. Or else, normalization with size invariance 
criteria and first harmonic coefficient can handle the second but 
larger orientation angle. 
Reference [14] described a leaf classification system which 
used shape and vein, colour, and texture features. Here, a neural 
network called Probabilistic Neural network (PNN) was classifier.  
Experiments showed that this classification method provided 
average accuracy of 93.75% when tested on Flavia dataset, with 32 
plant leaf types. Meaning that method ensured better performance 
compared to the original.Authors tried capturingleaves shape, 
colour, vein, andtexture.When being implemented, authors used 
Fourierdescriptors of PFT, 3 types of vein features geometrics 
features, colour moments and lacunarity based texture features. 
Then, they were inputinto identification system which used a 
PNN classifier. Reference [15] suggested accurate leaf input 
for feature extraction; 2 schemes are 28 and 60 feature point 
extraction. As Feature points increase, recognition rate decreases 
due to complexity/time needed for training/testing was more. 
Comparative analysis was made between 3 schemes. First scheme 
comparison with 28 and 60 feature point extraction with regard 
to recognition rate, the second scheme was comparedto time 
required for feature extraction and training and the third scheme 
was comparison of hidden layers. Results by this algorithm were 
impressive. Unknown leaf samples were eliminated greatly.
Reference [16] provided insight in plant diseases detection.
Research scope in this field had 2 characteristics which were 
necessary for plant disease detection using machine-learning 
methods. They include: speed and accuracy. So there was 
scope to work on development of innovative, efficient and fast 
interpreting algorithms to help plant scientist detectdisease. Work 
to automatically estimate severity of detected disease was possible. 
Work proposed by Yao was extendable for development of hybrid 
algorithms like genetic algorithms and neural networks to increase 
final classification process recognition rate.
Reference [17] proposed a method to group plants with compound 
leaves according to similarities/dissimilarities. The work was 
based on implementing image processing techniques through plant 
compound leaf feature extraction. The methodology used image 
processing techniques to pre-process images to extract proposed 
morphological/geometrical features from compoundleaf images. 

Hierarchal clustering was used for clustering process. Tomato leaf 
was suggested for study as it has many types; regular-leaf type 
(RL) and potato-leaf-type (PL) in addition to a clear variation in 
leaflets number/arrangement in one leaf.
Reference [18] used colour co-occurrence method (CCM) texture 
analysis techniques to evaluate 3 different NN classifiers for use in 
real-time weed control systems. An image data set with 33 unique 
texture features for each image in a 6 class data set (40 images 
per class) was generated for following classes; common lamb 
squarter, crabgrass, foxtail,velvetleaf, morning-glory, and clear 
soil surface. A stepwise variable selection procedure evaluated data 
sets to provide 6 unique data models separated according to hue-
saturation-intensity colour features. A classification comparison 
study of 3 NN models (back propagation, counter propagation, 
and radial basis function) capabilities was conducted. It was found 
that back propagation NN classifier provided best classification 
performance and was capable of 97%classification accuracy 
exceedingthe traditional statistical classification procedure 
accuracy of 93%.When comparing 3NN methodologies, back 
propagation achieved higher classification accuracy and had less 
computational requirements.

III. Methodology
This paper proposed a Differential Evolution along with GA 
optimization algorithmwhich is optimized and classification 
accuracy percentage is determined.
The proposed method is as follows:

A. Differential Evolution
Differential Evolution (DE) is a parallel direct search method 
using NP D-dimensional parameter vectors.

  = 1,; 2; . . . ; NP    (1)
As population for each generation G, NP does not change during 
minimization. Initialvector population is randomly chosen and 
cover full parameter space. It is assumed as a rule, a uniform 
probability distribution for all random decisions unless stated 
otherwise. If preliminary solution is available, initial population 
is generated by adding normally distributed random deviations to 
nominal solution xnom;0. DE generates new parameter vectors 
through the addition of weighted difference between 2 population 
vectors to a third vector. Let this operation be called mutation. 
The mutated vector’s parameters

B. Mutation
For each target vector   =xi, G; i = 1; 2; 3; . . . ; NP, a mutant vector 
is generated according to random indexes  
integer, mutually different and F>F > 0.

 

C. Crossover
To increase perturbed parameter vectors diversity, crossover is 
introduced. To this end, the trial vector:
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D. Selection
To decide whether it should become ageneration member G+1 the 
trial vector is compared to target vector  using greedy 
criterion. If vector ui;G+1 yields a smaller cost function 
value than xi then xi; is set to ui; ; otherwise, old 
value xi,G is retained [25].

1. Genetic Algorithm
A genetic Algorithm is an iterative procedure to maintaina 
population of structures which are candidate solutions for specific 
domain challenges. During a temporal increment (generation), 
current population structures are rated for effectiveness as 
domain  solutions, and based on evaluations, a new candidate  
solutions population  is formed with specific genetic operators 
like reproduction, crossover, and mutation [27].

2. Chromosomes
For GA, chromosomes represent genes set which code independent 
variables. Every chromosome represents a solution to a problem. 
Individual/vector of variables are in other words for chromosomes. 
A different chromosomes (individuals) set is a generation. Through 
evolutionary operators like selection, recombination and mutation 
an offspring population is created. 

3. Selection
In nature, individual’sselection is through survival of the fittest. 
The more an individual adapts to the environment - the bigger 
are its chances of survival and creation of an offspring and thus 
transfers its genes to next population.

E. Recombination
The first step in reproduction is recombination (crossover) 
where parent’sgenes form an entirely new chromosome. The 
recombination for GA is an operation needing 2 parents, but 
schemes with more parents’ are possible. Two widely used 
algorithms are Conventional (Scattered) Crossover and Blending 
(Intermediate) Crossover. 

1. Conventional (Scattered) Crossover
In this recombination, parents exchange corresponding genes 
for child formation. The crossover can be singleor multipoint. 
A bit Mask is used for recombination. Equations describing this 
process include: 
C1 = Mask1 & P1 + Mask2 & P2 (2-1) 
C2 = Mask2 & P1 + Mask1 & P2 [34].

IV. Results and Discussion
Nine species of plant leaves were selected with 15 samples for each 
plant species. Sample image of the plant leaves used is shown in 
fig. 1. The features are extracted and classified using Differential 
Evolution proposed with GA.

 
Fig. 4: Leaf Samples Used in this Work

Matlab was used to extract the features. The features extracted 
were used to train the classification algorithms. The features 

were classified using DE which is optimized using GA to find 
the optimal weights for the neural network. The classification 
accuracy obtained is given in Table 1 which tabulates the precision, 
recall and f Measure for various algorithms and compared with 
the proposed method.

Table 1: Various Result Obtained By DE Using GA Algorithm

Classification accuracy 95.56%

Average precision 0.958%

Average recall 0.956%

Average F measure 0.955%

Table 2 tabulates the confusion matrix obtained for the proposed 
DA optimized with GA. 

Table 2: Confusion Matrix
a b c D e f g h i  
15 0 0 0 0 0 0 0 0 a
0 14 0 0 1 0 0 0 0 b
0 0 15 0 0 0 0 0 0 c
0 0 0 15 0 0 0 0 0 d
1 0 0 0 14 0 0 0 0 e
0 1 0 1 0 12 0 1 0 f
0 0 0 1 0 0 13 0 1 g
0 0 0 0 0 0 0 15 0 h
0 0 0 0 0 0 0 0 15 i

V. Conclusion
In this paper, a proposed DE is optimized using Genetic Algorithm 
to optimize the weight of the network during training. Differential 
Evolution (DE) is a parallel direct search method using NP 
D-dimensional parameter vectors. Differential Evolutionutilizes 
Mutation, Crossover and Selection.A genetic Algorithm is an 
iterative procedure to maintaina population of structures which 
are candidate solutions for specific domain challenges. A new 
candidate solutionspopulation is formed with specific genetic 
operators like reproduction, crossover, and mutation. The features 
were extracted using Mathlab. The features extracted were used 
to train the classification algorithms. Experimental results show 
that the proposed hybrid algorithm based on DE and GA improves 
the classification accuracy of the neural network.
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