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Automated plant leaf classification is a computerized approach that employs 
computer vision and machine learning algorithms to identify a plant based on 
the features of its leaf. The last few decades have witnessed various approaches 
to implement plant classification systems. Several approaches have been 
proposed using different features and classifiers. However, the majority of the 
existing methods either rely on large numbers of training samples or select 
certain leaves within a dataset to achieve high accuracy rates. The disadvantage 
of such practices is that the results may not reflect the actual expressiveness of 
the features to tackle the high interclass similarity among different species. 
Furthermore, most of the existing systems rely on human intervention to select 
certain points of the leaf to help the system align the leaf or to select the best 
result among a few candidates after the classification is done. 
 
An Automated Plant Classification System (APCS) is introduced in this thesis to 
overcome the aforementioned limitations by proposing an automated alignment 
algorithm to eliminate the need for human intervention to align the leaf. A new 
set of Quartile Features (QF) is also proposed to express the partial shape of the 
leaf. Furthermore, optimizing the performance is also targeted in this research 
by integrating the proposed Quartile Features with the most discriminant shape 
and color features in the literature, in order to select the optimal feature vector 
for the proposed system. The proposed automated alignment algorithm is based 
on a similarity measure between the vertical and horizontal halves of the leaf. 
Once the leaf is aligned, the image is sliced into horizontal and vertical quartiles, 
and the area of each quartile is calculated to extract the proposed Quartile 
Features.  
 
To optimize the performance and select the final features for the proposed 
system, Quartile Features and the other categories of shape and color features 
investigated in this research have been tested and evaluated individually and in 
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combinations. The most discriminant features in each category are then 
combined to form the final feature vector input to the classifier. A Nearest 
Neighbor classifier (1-NN) is used to compute the similarity of a query leaf 
image with all the samples in the database by calculating the distance between 
their respective feature vectors. 
 
The experiments in this research have been conducted using two leaf datasets. 
The first is Flavia dataset which has been used as a benchmark by several 
researchers in the field of plant recognition. The second dataset is collected by 
the author, from Putrajaya and Perdana Botanical gardens, containing a total of 
396 leaves from 17 species endemic to Malaysia and Tropical Asia. The 
experimental results and comparisons indicate the efficiency of the proposed 
automated alignment algorithm and the proposed Quartile Features. The results 
of using the final selected features have shown an impressive performance, 
achieving an average accuracy rate of 98.32% for Flavia dataset and 91.29% for 
Leaves dataset, using k-fold cross-validation. 
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Klasifikasi tumbuh-tumbuhan berasaskan daun adalah satu pendekatan 
berkomputer yang menggunakan penglihatan komputer dan algoritma 
pembelajaran mesin untuk mengenalpasti tumbuhan berdasarkan ciri-ciri daun 
tersebut. Beberapa dekad yang lalu telah mencapai pelbagai pendekatan untuk 
melaksanakan sistem pengelasan tumbuhan. Beberapa pendekatan telah 
dicadangkan menggunakan ciri-ciri dan pengelasan yang berbeza. 
Walaubagaimanapun, majoriti kaedah yang sedia ada samada bergantung 
kepada jumlah yang besar sampel latihan atau memilih daun tertentu dalam set 
data untuk mencapai kadar ketepatan yang tinggi. Kelemahan cara tersebut 
adalah keputusan mungkin tidak menggambarkan ekspresi sebenar ciri-ciri 
untuk menangani persamaan yang tinggi di kalangan spesis yang berbeza. 
Tambahan pula, kebanyakan sistem yang sedia ada bergantung kepada campur 
tangan manusia untuk memilih titik-titik tertentu pada daun untuk membantu 
sistem menyelaraskan daun atau untuk memilih keputusan yang terbaik di 
antara beberapa keputusan selepas pengelasan dilakukan. 
 
Sistem Klasifikasi Tumbuhan Automatik (APCS) diperkenalkan dalam tesis ini 
untuk mengatasi had yang dinyatakan sebelumnya dengan mencadangkan satu 
algoritma penjajaran automatik untuk menghapuskan peranan campur tangan 
manusia untuk menyelaraskan daun. Satu set baru ciri-ciri kuartil (QF) juga 
dicadangkan untuk menyatakan bentuk separa daun. Tambahan pula, 
mengoptimumkan prestasi juga disasarkan dalam kajian ini dengan 
mengintegrasikan cadangan ciri-ciri kuartil dengan ciri-ciri bentuk dan warna 
yang paling diskriminan dalam kesusasteraan untuk memilih vektor ciri-ciri 
yang optimum bagi sistem yang dicadangkan. Algoritma penjajaran automatik 
yang dicadangkan adalah berdasarkan ukuran persamaan antara bahagian 
menegak dan mendatar daun. Sebaik sahaja daun sejajar, imej ini dihiris ke 
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dalam kuartil secara mendatar dan menegak dan keluasan setiap kuartil dikira 
untuk mengeluarkan ciri-ciri kuartil yang dicadangkan. 
Untuk mengoptimumkan prestasi dan memilih ciri-ciri akhir bagi sistem yang 
dicadangkan, ciri-ciri kuartil dan kategori lain daripada ciri-ciri bentuk dan 
warna disiasat dalam kajian ini telah diuji dan dinilai secara berasingan dan 
secara kombinasi. Ciri yang paling diskriminan dalam setiap kategori 
kemudiannya digabungkan untuk membentuk vektor ciri-ciri akhir yang 
merupakan input kepada pengelas. Pengelas Jiran Terdekat (1-NN) digunakan 
untuk mengira persamaan imej daun yang tidak diketahui dengan semua 
sampel di dalam pangkalan data dengan mengira jarak diantara vektor ciri-ciri. 
 
Eksperimen dalam kajian ini telah dijalankan dengan menggunakan dua set 
data daun. Yang pertama adalah set data Flavia yang telah digunakan sebagai 
penanda aras oleh beberapa penyelidik dalam bidang pengecaman tumbuhan. 
Set data kedua dikumpulkan oleh penulis dari Taman Botani Putrajaya dan 
Taman Botani Perdana mengandungi sejumlah 396 daun dari 17 spesis endemik 
dari Malaysia dan Asia Tropika. Keputusan eksperimen dan perbandingan 
menunjukkan kecekapan algoritma penjajaran automatik dan ciri-ciri kuartil 
yang dicadangkan. Keputusan menggunakan ciri-ciri akhir yang dipilih telah 
menunjukkan prestasi yang mengagumkan mencapai kadar ketepatan purata 
98.32% untuk set data Flavia dan 91.29% bagi set data daun menggunakan silang 
pengesahan k kali ganda. 
 

 

 

 

 

 

  



© C
OPYRIG

HT U
PM

v 

 

ACKNOWLEDGEMENTS 
 
 

Praise be to Allah for giving me the strength and determination to finish this 
research and reach the moment of writing these lines. My heartfelt love and 
thanks go to my family, especially my beloved parents for their love and support 
on every step of the way. 
 
I would also like to express my deepest gratitude and appreciation to my 
supervisor Assoc. Prof. Dr. Syed Abdul Rahman Al-Haddad for his guidance, 
patience, and support along the journey of conducting this research. I also extend 
my gratitude to Dr. Syamsiah bt. Mashohor who inspired the idea of this work, 
and Prof. Iqbal b. Saripan for their guidance and advice. 
 
Finally, I am thankful to all friends, colleagues, and UPM staff who had helped 
with any ideas, facilities, or advice to improve this thesis. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

  



© C
OPYRIG

HT U
PM



© C
OPYRIG

HT U
PM

vii 

 

This thesis was submitted to the Senate of Universiti Putra Malaysia and has 
been accepted as fulfilment of the requirement for the degree of Master of 
Science. The members of the Supervisory Committee were as follows: 
 

Syed Abdul Rahman Al-Haddad b. Syed Mohamed, PhD    
Associate Professor      
Faculty of Engineering               
Universiti Putra Malaysia  
(Chairman) 
  

Syamsiah bt. Mashohor, PhD             
Senior Lecturer            
Faculty of Engineering                   
Universiti Putra Malaysia                  
(Member) 
 

M. Iqbal b. Saripan, PhD 
Professor        
Faculty of Engineering   
Universiti Putra Malaysia  
(Member) 
 

 
 
 
 
 
 
 
 

______________________________ 
BUJANG BIN KIM HUAT, PhD 
Professor and Dean 
School of Graduate Studies 
Universiti Putra Malaysia 
 
 
Date: 

 

  



© C
OPYRIG

HT U
PM

viii 

 

Declaration by graduate student 

I hereby confirm that: 

 this thesis is my original work; 

 quotations, illustrations and citations have been duly referenced; 

 this thesis has not been submitted previously or concurrently for any other 
degree at any other institutions; 

 intellectual property from the thesis and copyright of thesis are fully-
owned by Universiti Putra Malaysia, as according to the Universiti Putra 
Malaysia (Research) Rules 2012; 

 written permission must be obtained from supervisor and the office of 
Deputy Vice-Chancellor (Research and Innovation) before thesis is 
published (in the form of written, printed or in electronic form) including 
books, journals, modules, proceedings, popular writings, seminar papers, 
manuscripts, posters, reports, lecture notes, learning modules or any other 
materials as stated in the Universiti Putra Malaysia (Research) Rules 2012; 

 there is no plagiarism or data falsification/fabrication in the thesis, and 
scholarly  integrity is upheld as according to the Universiti Putra Malaysia 
(Graduate Studies) Rules 2003 (Revision 2012-2013) and the Universiti 
Putra Malaysia (Research) Rules 2012.  The thesis has undergone 
plagiarism detection software. 

 

 

Signature: ________________________      Date: __________________ 

 

Name and Matric No.: Laith Emad Hamid , GS31508 

 

 

 

 

 

 

 

 

  



© C
OPYRIG

HT U
PM

ix 

 

Declaration by Members of Supervisory Committee  

This is to confirm that: 

 the  research conducted and the writing of this thesis was under our 
supervision; 

 supervision responsibilities as stated in the Universiti Putra Malaysia 
(Graduate Studies) Rules 2003 (Revision 2012-2013) are adhered to. 

 
 
 
 

Signature:   

Name of Chairman 
of Supervisory 
Committee: 

  

 
 
 
Signature: 

  

Name of Member of 
Supervisory 
Committee: 

  

 

 
Signature: 

  

Name of Member of 
Supervisory 
Committee: 

  

 

  



© C
OPYRIG

HT U
PM

x 

 

TABLE OF CONTENTS 
 

 Page 

ABSTRACT i 
ABSTRAK iii 
ACKNOWLEDGEMENTS v 
APPROVAL vi 
DECLARATION viii 
LIST OF TABLES xii 
LIST OF FIGURES xiii 
LIST OF ABBREVIATIONS xv 
  

CHAPTER      
   

1 INTRODUCTION 1 
 1.1 Background 1 
 1.2 Motivation 2 
 1.3 Problem Statement 2 
 1.4 Research Objectives 3 
 1.5 Scope of Research 4 
 1.6 Contribution 4 
 1.7 Thesis Outline 5 
    

2 LITERATURE REVIEW 6 
 2.1 Introduction 6 
 2.2 Structure of the Leaf 7 
 2.3 Related Works 7 
 2.4 Leaf Image Acquisition 8 
 2.5 Preprocessing and Segmentation 9 
  2.5.1 Grayscale Conversion 9 
  2.5.2 Segmentation 9 
  2.5.3 Image Enhancement 13 
  2.5.4 Leaf Alignment 13 
 2.6 Feature Extraction 14 
  2.6.1 Shape Features 15 
  2.6.2 Color Features 23 
  2.6.3 Texture Features 24 
 2.7 Classification 27 
  2.7.1 Artificial Neural Networks 27 
  2.7.2 k-Nearest Neighbors 29 
  2.7.3 Support Vector Machine 30 
 2.8 Summary 30 
    
    



© C
OPYRIG

HT U
PM

xi 

 

3 METHODOLOGY  34 
 3.1 Introduction 34 
 3.2 Implementation Tools 36 
  3.2.1 Hardware Tools 36 
  3.2.2 Software Tools 36 
 3.3 Image Acquisition 36 
 3.4 Image Preprocessing 39 
  3.4.1 RGB to Grayscale Conversion 39 
  3.4.2 Binary Conversion 39 
  3.4.3 Image Enhancement 39 

  3.4.4 Automated Leaf Alignment 40 
 3.5 Feature Extraction 42 

  3.5.1 Shape Feature Extraction 42 
  3.5.2 Color Feature Extraction 49 
 3.6 Classification 51 
 3.7 Summary 52 
     

4 RESULTS AND DISCUSSION 53 
 4.1 Introduction 53 
 4.2 Preprocessing Results and Evaluation 53 
  4.2.1 Thresholding Results 53 
  4.2.2 Noise Removal Results 54 
  4.2.3 Automated Alignment Results 55 
 4.3 Feature Selection and Evaluation 58 
  4.3.1 Shape Feature Selection and 

Evaluation 
58 

  4.3.2 Color Feature Selection and 
Evaluation 

62 

  4.3.3 Final Features 62 
 4.4 Classification Results 63 
 4.5 Performance Evaluation 70 
  4.5.1 K-Fold Cross-Validation 70 
  4.5.2 Inverse K-Fold Cross-Validation 72 
 4.6 System Interface 74 
 4.7 Comparison with the Existing Systems 75 
 4.8 Summary 77 
   

5 CONCLUSIONS  78 
 5.1 Conclusions 78 
 5.2 Suggestions for Future Work 79 

   
REFERENCES 80 
BIODATA OF STUDENT 87 
  

 

 



© C
OPYRIG

HT U
PM

xii 

 

LIST OF TABLES 
 

Table     Page 

2.1 Literature Summary 33 

3.1 Plant species in Leaves dataset 38 

4.1 Processing time using different thresholding methods 54 

4.2 Misaligned leaves 57 

4.3 Accuracy rates using Horizontal and Vertical Quartile 
Features 

59 

4.4 Accuracy rates using Digital Morphological Features 60 

4.5 Accuracy rates using Hu’s Moment Invariants 61 

4.6 Accuracy rates using Vein Features 61 

4.7 Accuracy rates using features extracted from three color 
spaces 

62 

4.8 Standard shapes of the species in Flavia dataset 65 

4.9 Standard shapes of the species in Leaves dataset 68 

4.10 Comparison of the proposed APCS with the existing 
systems 

76 

   

   

 

 

 

 

 

  



© C
OPYRIG

HT U
PM

xiii 

 

LIST OF FIGURES 
 

Figure     Page 

   
2.1 Common Leaf Shapes 6 

2.2 Structure of the Leaf 7 

2.3 Categorization of Plant Leaf Classification Literature 8 

2.4 Luminance Histogram of the Grayscale Image 10 

2.5 Expectation Maximization Segmentation 11 

2.6 Marker-Controlled Watershed Segmentation 12 

2.7 Automatic Seed Detection for Segmentation 12 

2.8 User Selection of the Base and Reference Points 14 

2.9 Detection of the Insertion Point and the Actual Base Point 14 

2.10 Basic Geometric Features of The Leaf 15 

2.11 Morphological Shape Features 16 

2.12 Standardized Matrix of the Leaf Shape 16 

2.13 The Image in the Circle Fulfills (𝑥2 + 𝑦2 ≤ 1) 17 

2.14 Half-Leaf Based System 18 

2.15 Leaf Width Factor 19 

2.16 Multiple Parts Feature Extraction 19 

2.17 Centroid-Contour Distance Calculation 21 

2.18 Curvature Descriptor 21 

2.19 Polygonal Approximation of the Leaf Shape 22 

2.20 Structural Decomposition of the Edge 22 

2.21 Example of a Serrated Leaf 23 

2.22 Color Space Division 24 

2.23 Seven Nervation Types 25 

2.24 Curvelet Transform 26 

2.25 Mechanism of a Leaf Classification System 27 

2.26 Typical Neural Network Design 28 

2.27 Architecture of PNN 28 

2.28 Two-Dimensional Representation of k-NN Principle (k=3) 29 



© C
OPYRIG

HT U
PM

xiv 

 

2.29 Hyperplane in Support Vector Machines 30 

3.1 Flowchart of the Proposed APCS 35 

3.2 Thumbnails of 32 Species in Flavia Dataset 37 

3.3 Thumbnails of 17 Malaysian Plant Species in Leaves Dataset 37 

3.4 Flowchart of the Proposed Automated Alignment Algorithm 41 

3.5 Quartile Parts of the Leaf  43 

3.6 Convex Hull of the Leaf  44 

3.7 Bounding Box of the Binary Leaf Image 44 

3.8 Venation Pattern Representation 48 

3.9 Leaf Masking in Three Color Spaces 50 

4.1 Thresholding Results 53 

4.2 Image Preprocessing Results 55 

4.3 Automated Alignment Results for Different Leaf Shapes 56 

4.4 Accuracy Rates Using Different Feature Combinations 63 

4.5 Classification Results for Each Species (Flavia dataset) 64 

4.6 Intraclass Species Variation 66 

4.7 Classification Results for Each Species (Leaves dataset) 67 

4.8 Confusion Matrix for Leaves Dataset 69 

4.9 Examples of Leaf Shape Deformation in Leaves Dataset 70 

4.10 K-Fold Cross-Validation Results for Flavia Dataset 71 

4.11 K-Fold Cross-Validation Results for Leaves Dataset 72 

4.12 Inverse K-Fold Cross-Validation Results for Flavia Dataset 73 

4.13 Inverse K-Fold Cross-Validation Results for Leaves Dataset 73 

4.14 Graphical User Interface of the Proposed System 74 

4.15 Selecting an Input Leaf Image 75 

4.16 Classification Result 75 

 

  



© C
OPYRIG

HT U
PM

xv 

 

LIST OF ABBREVIATIONS 
 

1-NN  Nearest Neighbor 

ANN  Artificial Neural Network 

APCS  Automated Plant Classification System 

BPNN  Back Propagation Neural Network 

CCD  Centroid Contour Distance 

CCG  Centroid Contour Gradient 

C-R  Centroid Radii 

DMF  Digital Morphological Features 

DSLR  Digital Single-Lens Reflex 

DWT  Discrete Wavelet Transform 

EM  Expectation-Maximization 

EOH  Edge Orientation Histogram 

FFNN  Feed-Forward Neural Network 

FFT  Fast Fourier Transform 

GBCM  Grid-Based Color Moments 

GLCM  Gray Level Co-occurrence Matrix 

GRNN  General Regression Neural Network 

HF  Horizontal Feature 

HLF  Half Leaf Feature 

HoCS  Histogram of Curvature over Scale 

HQ  Horizontal Quartile 

HSI   Hue, Saturation, and Intensity 

JPEG  Joint Photographic Experts Group 

k-NN  k-Nearest Neighbor 

L*a*b*  Luminance Color Space 



© C
OPYRIG

HT U
PM

xvi 

 

LDA  Linear Discriminant Analysis 

LEOH  Local Edge Orientation Histogram 

LMI  Legendre Moment Invariants 

LOOCV  Leave-one-out Cross-Validation 

LSH  Locality Sensitive Hashing 

LWF  Leaf Width Factor 

MCH  Moving Center Hyper-sphere 

MI  Moment Invariants 

PFT  Polar Fourier Transform 

PNN  Probabilistic Neural Network 

QF  Quartile Feature 

RF  Random Forests 

RGB  Red, Green, and Blue 

ROI  Region of Interest 

SIFT  Scale-Invariant Feature Transform 

SVM  Support Vector Machine 

TMI  Tchebichef Moment Invariants 

VF  Vertical Feature 

VQ  Vertical Quartile 

ZMI  Zernike Moment Invariants



© C
OPYRIG

HT U
PM

1 
 

CHAPTER 1 

 

INTRODUCTION 

 
1.1 Background 

 
It is no mystery why plants are important in our lives. They are the primary 
source of food to almost all animals and humans. They provide Oxygen, without 
which there would be no life on this planet. Plants also have a great importance 
in medicine, clothing, fuel and many other industries and fields of life. 
Therefore, it is essential to understand plants and classify them. 
 
Plant classification is based on studying the morphological features of several 
parts of the plant such as the leaves, the flowers, the barks, etc. A label is assigned 
to each plant according to the binomial nomenclature system presented by the 
Swedish botanist Carl Linnaeus in 1753. Linnaeus introduced a classification 
system that arranges plants in a hierarchical order according to the similarities 
amongst them. Since then, plant taxonomy has been conducted based on that 
system [1]. However, plant classification is almost exclusively performed by 
professional botanists and taxonomists due to the extensive botanical 
knowledge required to identify the species of a plant. Considering the massive 
number of plants all over the globe and the increasing need to classify them, the 
necessity to implement a computerized plant classification system has emerged. 
 
Computerized plant classification is an interesting field of image processing and 
computer vision that can be useful in any industrial or commercial application 
where plants are used. It can save time drastically and identify plants at a glance, 
especially for non-experts who deal with plants in many scientific or industrial 
fields. Several approaches have been presented by researchers in the past few 
years to classify plants using their leaves. Some approaches targeted certain 
regions such as Leafsnap [2] in The United States, ReVes [3] and Pl@ntNet [4] in 
Europe, and Clover [5] in Asia. Other approaches focused on classifying 
medicinal plants [6]–[9], while a few focused on differentiating weed from the 
crop [10]–[12]. Despite the large number of approaches and the impressive 
performance of some of them, computerized plant classification is still an area 
of active research that is fraught with challenges and limitations.  
 
In this thesis, an Automated Plant Classification System (APCS) is proposed for 
identifying plant species based on the characteristics of their leaves. The 
proposed system consists of four main stages. The first stage is leaf image 
acquisition where the leaf samples are digitized. The second stage is 
preprocessing the leaf to remove the noise, discard the background, and align 
the leaf. An automated alignment algorithm is proposed in this thesis based on 
a similarity measure extracted from bisecting the leaf into two halves. The next 
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stage of the system is extracting the features of the leaf. A new set of features 
extracted from the leaf quartiles is combined with digital morphological 
features, vein features, and Hu’s moment invariants to represent the shape of 
the leaf. Color information is also taken into consideration, unlike most 
approaches that usually ignore the color due to the green nature of most leaves. 
Color features are extracted from the Hue, Saturation, and Intensity components 
of the (HSI) color space, and combined with the shape features to form the final 
feature vector that consists of the most discriminative features. The final stage is 
the classification stage where the features are input into a Nearest Neighbor 
classifier (1-NN) that predicts the species of a plant by measuring the distance 
between the feature vector of the input image and the database. 

1.2 Motivation 

Presenting an automated plant recognition and classification system will not 
only help people specialized in botany save time and effort to identify a plant 
but will also open the horizons to non-experts to investigate plants and discover 
more about them. Researchers in fields like medicine, food industry, and 
environmental studies can benefit from having a user-friendly tool to recognize 
the plants without the need for a thorough botanical knowledge. It can also 
attract nature lovers, enthusiasts, or even tourists who are curious about plant 
life. Furthermore, in a country like Malaysia with such rich agricultural 
diversity, implementing an efficient plant classification system can be a helpful 
tool in all the aforementioned fields. 

1.3 Problem Statement 

Several plant recognition algorithms have been proposed by researchers, each 
having its own advantages and disadvantages. Some of those algorithms 
achieved high accuracy rates and made it out of the prototype phase into the 
hands of the users as a smartphone application or a web-based system. 
However, there are several obstacles and limitations facing the implementation 
of an efficient automated plant classification system.  

Due to the irregularity and variation of the leaf shape, one of the challenges 
against the automation of plant classification systems is aligning the leaf image 
according to its main vein. Leaf alignment is an important step to extract partial 
shape features. The main vein of a leaf is represented by the line connecting the 
base and the apex points. For the leaves whose main vein is the longest line 
across the leaf blade, i.e., the major axis, the alignment is usually accomplished 
by calculating the orientation of the major axis of the leaf. The challenging part 
is aligning the leaves that have a short main vein as the major axis represents the 
width of the leaf or any line that is longer than the main vein. This normally 
occurs in lobed leaves or leaves that have a cordate or a reniform shape causing 
an incorrect feature extraction. To overcome this issue, some approaches rely on 
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the user to detect the main vein by selecting the tip and the base points to align 
the leaf [13]–[15]. This human interaction, however, is an obstacle against full 
automation of the classification system. It can also slow down batch processing 
or even prevent extensive experimentation as each leaf image needs to be 
aligned manually. Moreover, automating the alignment is not only important 
for automating the system, it is essential to extract the partial shape features of 
the leaf as proposed in this research. 
 
Another major issue that makes leaf classification a challenging task is the high 
interclass similarity among different species and the low intraclass similarity 
within the leaves of some species. To overcome this problem, most researchers 
use a large number of training samples to increase the accuracy rates [13]–[19]. 
However, such high accuracy rates cannot be a real indicator of the 
expressiveness of the extracted features as they are often attributed to a large 
number of training samples versus a limited number of testing samples.  
 
The green color of the majority of the leaves is another challenge that 
discouraged researchers from utilizing color information focusing mostly on the 
shape features. However, a few methods have been proposed to involve color 
features in the classification process, such as calculating the average of the color 
proposed by Pornpanomchai et al. [20], dividing the color space into cells 
proposed by Iwata et al. [21], and color moment extraction proposed by Prasad 
et al. [22]. The results of those approaches indicated improvements in the 
accuracy after including color features. Therefore, color features are investigated 
in this research as well. 
 
Based on the issues and challenges stated earlier, the following research 
questions are addressed in this thesis: 
 

a) How to automate the leaf alignment and eliminate the human 
intervention required to align the leaves whose main vein is shorter than 
the major axis? 

b) How to extract features that describe the partial shape of the leaf and the 
relation among its multiple parts in order to overcome the high 
interclass global shape similarity? 

c) What are the most discriminative global shape and color features that 
can be integrated to optimize the classification accuracy? 

 
1.4 Research Objectives 
 
The aim of this research is to implement an Automated Plant Classification 
System (APCS) that combines the most discriminative features of the leaf to 
optimize the classification accuracy using a Nearest Neighbor Classifier (1-NN). 
In order to achieve this target, the following three main objectives have to be 
achieved: 
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a) To implement an automated alignment algorithm that can correctly 
align the leaves whose main vein is not represented by the longest line 
across the leaf blade, i.e., the major axis. 

b) To extract a new set of shape features from the leaf quartiles to describe 
the partial shape of the leaf and the relation among those parts. 

c) To optimize the system performance using a Nearest Neighbor classifier 
(1-NN) by integrating the proposed Quartile Features with the most 
discriminative shape and color features in the literature. 

 
1.5 Scope of Research 
 
The scope of this thesis covers the classification of plant species using the images 
of their leaves. The system is designed to classify simple leaves which consist of 
one entire, undivided blade. The system can also classify lobed leaves as long as 
the lobation does not reach the main vein. Compound leaves, on the other hand, 
are beyond the scope of this research. The leaf samples used in this study are 
photographed against a white sheet of paper. Otsu’s global thresholding is used 
for segmenting the leaf. Therefore, the input leaves must also be captured on a 
light solid-colored background.  
 
The features extracted in this research are shape and color features. Shape 
features consist of a set of partial shape descriptors in addition to digital 
morphological features, moment invariants, and vein features that can be 
described as global shape descriptors. On the other hand, statistical features are 
extracted from the components of the HSI color space to describe the color 
features of the leaf. 
 
The classification algorithm used in this research is k-Nearest Neighbor 
algorithm using a City Block distance measure and the nearest neighbor, i.e., 1-
NN classifier. All the experiments conducted in this study in addition to the 
optimization of performance are implemented using this classifier. 
 
Two datasets are used to implement and test the proposed algorithms. The first 
is called Flavia dataset [13] with a total of 1907 leaf images from 32 species, and 
a second dataset of 396 leaf samples from 17 species endemic to Malaysia and 
Tropical Asia. The latter was collected by the author from Perdana and Putrajaya 
Botanical Gardens. 
 
1.6 Contribution 
 
The contribution of this research can be highlighted in the following three main 
points: 

a) Proposing an automated alignment algorithm that can correctly align 
different leaf shapes including the wide and lobed leaves that usually 
require human intervention. 
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b) Proposing a new set of partial shape features extracted from the 
horizontal and vertical quartiles of the leaf. 

c) Optimizing the classification accuracy using a simple Nearest Neighbor 
classifier (1-NN) and limited numbers of training samples by combining 
the most discriminative features in each category of the investigated 
features. 

 

1.7 Thesis Outline 
 
The layout of this thesis is organized as follows: 
 
Chapter 1 is an introduction to plant classification and the principles of 
computerizing this task, in addition to the motivation and the objectives of this 
research, and the issues to be addressed. 
 
Chapter 2 starts with an introduction to common leaf shapes and the structure 
of the leaf followed by a review of the related literature. The literature is 
categorized and ordered based on each stage of the classification system. 
 
Chapter 3 describes the methodology and the system design adopted to 
implement the algorithms starting with the preprocessing stage, followed by a 
detailed description of the features investigated in this thesis and the 
classification mechanism. 
 
Chapter 4 presents the experiments conducted in this research and evaluates the 
results of each stage. A comparison of the system performance with the current 
existing systems is also presented in this chapter. 
 
Chapter 5 concludes this thesis and suggests ideas for future research work. 
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