
Plant disease recognition using

fractional-order Zernike moments and

SVM classifier

Thesis submitted in partial fulfillment of the requirements for the award of the

degree of

Master of Engineering

in

Computer Science and Engineering

Submitted by

Parminder Kaur
(Roll no: 801532039)

Under the supervision of

Dr. Husanbir Singh Pannu

Lecturer, CSED

Computer Science and Engineering Department

Thapar University
Patiala-147004, Punjab, India

May 2017





Abstract

Orthogonal moments have a vital role in the field of digital image processing and

analysis. These moments are derived from statistically independent orthogonal

polynomials and can be continuous or discrete. Major continuous orthogonal mo-

ments are Zernike, Pseudo-Zernike and Legendre moments and the primary dis-

crete moments includes Krawtchouk, Tchebichef and Racah moments. In almost

all researches till date, orthogonal moments are used with order having integer

value, however, there is very less research on application of orthogonal moments

with non-integer order which are also known as fractional-order orthogonal mo-

ments. Orthogonal moments with integer-order are a special case of fractional-

order orthogonal moments. Each orthogonal moment can be made of fractional-

order type by replacing integer order with real order. This study proposes the use

of fractional-order Zernike moments in the recognition of grape leaf diseases and

comparative analysis of these moments with integer-order Zernike moments is also

presented. After extensive experiments, it can be said that the proposed technique

is more robust to image noise and shows higher recognition rate (95.12% at order

30) compared to conventional techniques.

Keywords: fractional-order polynomials, orthogonal moments, fractional-order

Zernike moments (FZM), Zernike moments (ZM), image recognition
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Chapter 1

Introduction

The work presented in this thesis mainly focuses on the recognition of various

diseases present on the surface of grape plant leaves. So, for the recognition

of diseases, a new approach of feature extraction using fractional-order Zernike

moments is proposed. This chapter introduces with the various existing continuous

orthogonal moments and the conventional ways of plant disease recognition.

Indian economy highly depends upon agricultural productivity. So, it is impor-

tant to detect diseases present in plants as soon as possible and provide medicine

accordingly. These diseases in plants are caused by malignant viruses, bacteria

and fungus. If proper medicine is not provided on time then it can seriously affect

the plants and consequently the product quantity, quality and productivity is also

affected. It becomes nearly impossible to detect and analyze plants manually on

a large scale of vegetation with full attention by an expert. Thus automation of

disease diagnosis is required to make the procedure efficient through image pro-

cessing. About 80-95% of the plant diseases reflect on the leaves, so without loss

of generality, the leaf diagnose is sufficient for disease investigation. Figure (1-5)

show some of the prominent leaf diseases. In this thesis, diseases related to grape

leaves are identified using fractional-order Zernike moments (FZM). FZM is the

improved version of ZM [1] which comes under continuous orthogonal moments.

Other prominent continuous orthogonal moments include Legendre moments [1],

Pseudo-Zernike moments [2], orthogonal fourier mellin moments [3] and gaussian

Hermite moments [4, 5].

Figure 1.1: Alternaria disease Figure 1.2: Cercospora disease

1



Figure 1.3: Red leaf disease Figure 1.4: Yellow leaf disease disease

Figure 1.5: White leaf disease

Moments are the projections of image functions onto particular kernel functions.

They can be defined in polar (equation (1.1)) as well as Cartesian coordinate

system (equation (1.2)).

Dp
nm =

∫ 1

0

∫ 2π

0

Gnm(r, θ)f(r, θ)rdrdθ (1.1)

Dc
nm =

∫ ∫
R2

Gnm(x, y)f(x, y)dxdy (1.2)

where Dp
nm and Dc

nm represents the (n+m)th order moments of image functions

f(r, θ) and f(x, y) respectively. n,m = 0, 1, 2, 3, ... and Gnm(r, θ) and Gnm(x, y)

denotes the basis function or kernel function. With change in kernel functions,

different types of moments can be obtained. Now, these moments are said to be

orthogonal if they satisfy the following equations (1.3 and 1.4):∫ 1

0

∫ 2π

0

Gnm(r, θ)Gst(r, θ)rdrdθ = k1δnsδmt (1.3)

∫ 1

0

∫ 1

0

Gnm(x, y)Gst(x, y)dxdy = k2δnsδmt (1.4)
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here k1 and k2 are normalization coefficients and δns represents Kronecker delta,

otherwise the moments will become non-orthogonal. Non-orthogonal moments in-

clude complex moments (with kernel function Gnm(x, y) = (x + iy)n(x − iy)m),

geometric moments (Gnm(x, y) = xnym) and rotational moments (Gnm(r, θ) =

rne−imθ) which are defined in [6, 7]. Non-orthogonal moments face difficulties in

image reconstruction due to lack of orthogonal nature. They are highly sensitive

to noise and information redundant also. However, orthogonal moments are rota-

tion, scaling and translation invariant, robust to image noise and show very less

information redundancy. Due to these advantages, they have been used in various

digital image processing areas such as face recognition [8], image watermarking [9],

palm print and iris identification [10, 11], image reconstruction [12] and character

recognition [13].

We have picked ZM for conversion to FZM because they are the most popular

moments among other continuous orthogonal moments. They are also easy to

implement and shows effective results in case of image representation capability.

Moreover, they require lower computational precision to represent images. Before

a detailed study of FZM, a short review of existing ZM and other continuous or-

thogonal moments are discussed in the following subsections. All existing orthog-

onal moments have integer orders since their corresponding polynomials’ order are

of integer type. However, recently in [14], authors have introduced the concept of

fractional orthogonal moments and discussed their properties while applying them

on image reconstruction and face recognition. They have taken the example of

shifted Legendre moments and converted them into fractional form in both Carte-

sian and polar coordinate space. The results obtained using fractional orthogonal

moments are much better than normal existing orthogonal moments. So, moti-

vated from that work, this work proposes fractional order Zernike moments and

their application in recognition of diseases present on grape leaf. Moreover, to the

best of our knowledge, fractional-order Zernike moments are introduced here for

the first time and also orthogonal moments have not been used for plant disease

detection before.

Table 1.2: Application areas of image moments

Moments Application Areas References Enhancement

Jacobi Fourier

Moments

image watermarking, im-

age reconstruction, mam-

mogram classification (dis-

crete implementation of Ja-

cobi Moments)

[27], [15], [28] [29, 30]

3



Pseudo-Jacobi

Fourier Mo-

ments

image reconstruction, image

recognition and reconstruc-

tion

[16], [21] -

Zernike Mo-

ments

Texture Analysis, guru-

mukhi character recogni-

tion, Chinese character

recognition, fingerprint

recognition, palm print

verification, iris identifi-

cation, face recognition,

image reconstruction, traf-

fic sign recognition, Offline

handwritten signature

verification, near-duplicate

video retrieval, pigs posture

recognition, facial expres-

sion recognition, Ground

traffic signs recognition, In-

dian sign language gesture

recognition

([31], [32]), [33],

[34], [17], [10],

[11], ([35], [36],

[37]), [38], [39],

[40], [41], [42],

[43], [44], [45]

[46, 47, 48,

49]

Pseudo-Zernike

moments

face recognition, palm print

verification, fingerprint

recognition, image water-

marking, Farsi handwritten

character recognition, au-

tomatic target recognition,

object contour detection

([50], [18]), [51],

([52], [53]), [54],

[55], [56], [57]

[58, 59, 8, 60,

61, 62]

Gegenbauer Mo-

ments

Chinese character recogni-

tion

[20] [63]

Chebyshev

Fourier Mo-

ments

image recognition, image re-

construction

[21], [64] [65]

Orthogonal

Fourier Mellin

Moments

Pattern Recognition,

character recognition of

alphanumeric characters

[3], [13] [66, 67, 68,

69]

Laguerre Mo-

mente

Image Reconstruction [22] -
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Legendre Mo-

ments

face recognition, palm print

authentication, iris veri-

fication, classification of

2D polyacrylamide gel elec-

trophoresis, texture analy-

sis, 3D object images clas-

sification, histogram repre-

sentation, vehicle recogni-

tion, image watermarking,

line fitting in noisy image,

incorporation of geometric

shape priors in region based

active contours, image in-

dexing and retrieval from

image DB, finger crease pat-

tern recognition, noise re-

moval from ECG signals, re-

construction of noisy medi-

cal images

[19], [70], [71],

[72], [73], [74],

[75], [76], [77],

[78], [79], [80],

[81], [82], [83]

[84, 85, 86,

67, 87, 88, 89,

90]

Gaussian-

Hermite Mo-

ments

moving objects’ recogni-

tion, iris image recognition,

image watermarking, image

reconstruction, singular

point detection in finger-

print classification, 3D face

recognition, face recogni-

tion, license plate character

recognition, human motion

detection, character recog-

nition, image compression

[23], ([91], [92]),

[9], [93], ([94],

[95], [96]), [97],

[98], [99], [100],

[23], [101] (dis-

crete implemen-

tation)

[102]

Continuous

Hahn Moments

mapping of polynomials [24] -

Bessel Fourier

Moments

image reconstruction and

recognition

[25] -
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Radial Har-

monic Fourier

Moments

image reconstruction, con-

tent based retrieval, im-

age recognition, image wa-

termarking, Chinese chess

character recognition

[103], [104],

[105], [106],

[107]

[108, 106]

1.1 Continuous Orthgonal Moments

Orthogonal means statistically independent or have mutually perpendicular ba-

sis set. Orthogonal Moments make use of orthogonal polynomials as their kernel

functions in the moment integral. The scalar quantities which are used to depict a

function and capture its important features are known as moments. In 1962, M.K.

Hu was the first person who introduced the use of moment invariants in image

analysis and object recognition in his paper [109]. Initially, geometric moments

and regular moments were used for the image analyses which are non-orthogonal

in nature. Due to non-orthogonality, these moments are highly information re-

dundant and do not provide good results in case of image recovery. To overcome

the problems of geometric moments, Teague [1] gave the idea of using orthogonal

moments for image analysis which give much better results than non-orthogonal

moments. Orthogonal moments show very less information redundancy and are

invariant to rotation, scaling and translation as well as robust to image noise.

These advantages of orthogonal moments leads to many applications like finger-

print recognition [17], image reconstruction [12], character recognition [33], image

watermarking [110] etc. Orthogonal Moments can be broadly classified as Contin-

uous and Discrete Orthogonal Moments. Moments’ classification described by [6]

is shown in figure (1.6). Table (1.1) shows the continuous orthogonal moments,

their abbreviations and references. More references are presented in the form of

graph shown in figure (1.8). Figure (1.7) shows all continuous orthogonal moments

discussed here and their applications areas, references and enhancement references

are shown in table (1.2). The following subsections describe about various contin-

uous orthogonal moments.
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Figure 1.6: Broad classification of continuous and discrete orthogonal moments

1.1.1 Jacobi Fourier Moments

The kernel of Jacobi Fourier Moments (Pnm(r, ϑ)) comprises of two independent

function sets: (1) Deformed Jacobi polynomial(Jn(α, β, r)) to be radial function

and (2) Fourier exponential factor (exp(jmϑ)) to be angular function. So, JFM

are defined as in equation (1.5):

Pnm(r, ϑ) = Jn(α, β, r)exp(jmϑ) (1.5)

Here, n,m are integers. The kernel function of JFM is orthogonal onto unit disk,∫ 2π

0

∫ 1

0

Pnm(r, ϑ)Pkl(r, ϑ)rdrdϑ = δnkδml (1.6)

where δnkδml are Kronecker deltas and r = 1 is the maximum scale of object in

the concrete scene. As exp(jmθ) is orthogonal that is why the radial function

Jn(α, β, r) must be orthogonal in the interval [0, 1]:∫ 1

0

Jn(r, α, β)Jk(r, α, β)rdr = δnk(α, β) (1.7)

7



Table 1.1: Moments, abbreviations and references

Moments Abbreviations References
Jacobi Fourier Mo-
ments

JFM [15]

Pseudo-Jacobi Fourier
Moments

PJFM [16]

Zernike Moments ZM [17]
Pseudo-Zernike Mo-
ments

PZM [18]

Legendre Moments LM [19]
Gegenbauer Moments GM [20]
Chebyshev Fourier
Moments

CFM [21]

Orthogonal Fourier
Mellin Moments

OFMM [3]

Laguerre Moments LaM [22]
Gaussian Hermite Mo-
ments

GHM [23]

Continuous Hahn Mo-
ments

CHM [24]

Bessel Fourier Mo-
ments

BFM [25]

Radial Harmonic
Fourier Moments

RHFM [26]

Jacobi polynomial is expressed as [111]:

Gn(α, β, r) =
n!(β − 1)!

(α + n− 1)!

n∑
s=0

(−1)s × (α + n+ s− 1)!

(n− s)!s!(β + s− 1)!
rs (1.8)

The Jacobi polynomial in equation (1.8) is also orthogonal in the interval [0, 1]:∫ 1

0

Gn(α, β, r)Gm(α, β, r)w(α, β, r)dr = bn(α, β)δnm (1.9)

here w(α, β, r) is weight function and bn refers to normalization constant which is

given as below:

bn =
n![(β − 1)!]2(α− β + n)!

(β + n− 1)!(α + n− 1)!(α + 2n)
(1.10)

and the weight function is expressed as:

w(α, β, r) = (1− r)α−βrβ−1 α− β > −1, β > 0 (1.11)

In all the above formulae, α and β are real valued parameters. By having different

values, they are able to form different types of Jacobi polynomials which are known

8



Figure 1.7: Classification of various continuous orthogonal moments

to be special cases of Jacobi polynomials. After comparing equations (1.7) and

(1.8), the radial function set is:

Jn(α, β, r) =

√
w(α, β, r)

b(α, β)r
Gn(α, β, r) (1.12)

An image function can be decomposed into superposition of weighted orthogonal

components in polar coordinate system as follows:

f(r, ϑ) =
∞∑
n=0

∞∑
m=−∞

φnmJn(r)ejmϑ (1.13)

here φnm are the coefficients of decomposition and are referred to as Jacobi Fourier

Moments:

φnm =

∫ 2π

0

∫ 1

0

f(r, ϑ)Jn(α, β, r)e−jmϑrdrdϑ (1.14)

9



Figure 1.8: Moments and recent literature
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1.1.2 Pseudo-Jacobi Fourier Moments

For image I(r, θ) having order x and repetition y, PJFM over a unit disk are

expressed as [16]:

Pxy =

∫ 2π

0

∫ 1

0

Jx(r)exp(−jyθ)I(r, θ)rdrdθ (1.15)

where Jx(r) is real valued Pseudo-Jacobi Fourier radial polynomials given by:

Jx(r) =

[
2(x+ 2)(r − r2)
(x+ 3)(x+ 1)

] 1
2

n∑
k=0

(−1)x+k(x+ k + 3)!

k!(x− k)!(k + 2)!
rk (1.16)

1.1.3 Zernike Moments

Figure 1.9: First 21 Zernike polynomials

Frits Zernike invented a system of polynomials which are orthogonal onto a unit

disk and are known as zernike polynomials [112]. The kernel of ZM consists of a

group of orthogonal complex zernike polynomials which are defined inside a unit

disk over polar coordinate space. Figure (1.9) shows the first 21 Zernike polyno-

mials where n is order of moment and m is repetition. They are vertically ordered

as per radial degree and horizontally according to azimuthal degree. According to

[1], if f(r, θ) represents an image function, p is order with repetition q then two

dimensional Zernike Moments can be written as (1.17):

Zpq =
p+ 1

π

∫ 2π

0

∫ 1

0

f(r, θ)V ∗pq(r, θ)rdrdθ (1.17)
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where V ∗pq(r, θ) is the complex conjugate of zernike polynomials Vpq and is given

as:

Vpq(r, θ) = Rpq(r)e
jqθ (1.18)

Here p ≥ 0, 0 ≤| q |≤ p, p− | q | = even, j =
√
−1 and θ = arctan(y/x)

Radial Polynomials are defined as (1.19):

Rpq(r) =

(p−|q|)/2∑
0

(−1)k × (p− k)!

k!(p+|q|
2
− k)!(p−|q|

2
− k)!

rp−2k (1.19)

Radial polynomials satisfy orthogonality relation as given below (1.20):

∫ 1

0

Rpq(r)Rp′qrdr =
1

2(p+ 1)
δpp′ (1.20)

where δij is known as Kronecker delta. Zernike Polynomials make complete or-

thogonal set within unit disk, given as (1.21):

∫ 2π

0

∫ 1

0

Vpq(r, θ)V
∗
p′q′(r, θ)rdrdθ =

π

p+ 1
δpp′δqq′ (1.21)

1.1.4 Pseudo-Zernike Moments

The kernel of Pseudo-Zernike Moments (PZM) are made from Pseudo-Zernike

polynomials whose basis functions form a complete set of orthogonal functions

over the unit disk. They are explained as follows [2]:

Vpq(r, θ) = Rpq(r)e
iqθ (1.22)

where p ≥ 0, 0 ≤| q |≤ p. As per [2], the radial Pseudo-Zernike polynomial

(Rpq(r)) is defined as (1.23):

Rpq(r) =

(p−|q|)∑
s=0

(−1)s(2p+ 1− s)!rp−s

s!(p− | q | +1− s)!(p− | q | −s)!
(1.23)
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For an image f(r, θ), Pseudo-Zernike Moments are (PZpq) are defined as (1.24):

PZpq =
p+ 1

π

∫ 2π

0

∫ 1

0

f(r, θ)V ∗pq(r, θ)rdrdθ (1.24)

where V ∗pq(r, θ) is the complex conjugate for Vpq(r, θ). The orthogonality relation

of PZM is similar to ZM which is defined as in equation (1.20) and (1.21) for

p = pmax, and the total number of PZM are (1 + pmax)
2.

1.1.5 Legendre Moments

Legendre Moments (LM) are derived from the legendre polynomials which are

orthogonal over the interval [-1,1] [113]. They are defined on Cartesian coordinate

space. Legendre moments can acquire a value near to zero considering redundancy

measure, which means independent features of an image can be attained [19]. As

described in [1], the basis function of LM is given by equation (1.25):

ϕnm(x, y) = Pm(x)Pn(y) (1.25)

where Pp(x) is pth order of Legendre polynomial and the (n+m)th order is given

as (1.26):

Lnm =
(2n+ 1)(2m+ 1)

4

∫ 1

−1

∫ 1

−1
Pn(x)Pm(y)f(x, y)dxdy (1.26)

where Pn(x) is nth order of Legendre polynomial which is given in (1.27):

Pn(x) =
1

2n

n
2∑

k=0

(−1)k × (2n− 2k)!

k!(n− k)!(n− 2k)!
xn−2k (1.27)

1.1.6 Gegenbauer Moments

Gegenbauer polynomials, also known as Ultraspherical polynomials are a set of

polynomials which are orthogonal over interval [−1, 1]. Gegenbauer polynomials

of order n are defined with a scaling parameter α > −0.5 as [114] below:

Gα
n(x) =

(2α)n
n!

[
2F1

(
−n, 2α + 1 + n;α +

1

2
;
1− x

2

)]
(1.28)
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where 2F1 is a hypergeometric function defined as:

2F1(a, b; c; z) =
∞∑
k=0

akbk
ck

zk

k!
(1.29)

αk is Pochhammer symbol expressed as:

αk = α(α + 1)(α + 2), ..., (α + k − 1) (1.30)

Gegenbauer polynomial of order n is defined more explicitly as:

Gα
n(x) =

bn2 c∑
k=0

Bα
n,kx

n−2k (1.31)

Coefficient matrix Bα
n,k is defined as:

Bα
n,k = (−1)k

Γ(n− k + α)2n−2k

k!(n− 2k)!Γ(α)
(1.32)

where Γ(.) is a gamma function and
⌊
n
2

⌋
is floor function which is either equal

to n−1
2

or n
2

for odd and even values of n respectively. Gegenbauer polynomi-

als are orthogonal over a square [−1, 1] × [−1, 1] and they satisfy the following

orthogonality property:∫ 1

−1
Gα
nx)Gα

m(x)wα(x)dx = Cn(α)δmn (1.33)

with following weight function:

wα(x) = (1− x2)(α0.5) (1.34)

here δnm is Kronecker delta and the normalization constant Cn(α) is stated as:

Cn(α) =
2πΓ(n+ 2α)

22αn!(n+ α)[Γ(α)]2
(1.35)

Gegenbauer polynomials obey the following recursive relation:

Gα
n+1(x) =

2n+ α

n+ α
xGα

n(x)− (n+ 2α− 1)

n+ 1
Gα
n−1(x) (1.36)

14



where Gα
0 (x) = 1, Gα

1 (x) = 2αx and n ≥ 1. So, orthogonal Gegenbauer Moments

of order n with repetition m are expressed as:

An,m =
1

Cn(α)Cm(α)

∫ 1

−1

∫ 1

−1
f(x, y)Gα

n(x)Gα
m(y)wα(x)wα(y)dxdy (1.37)

where n and m are non-negative integers.

Equation (1.37) is approximated by [115, 116] to provide the discrete version of

the image as follows:

Ãnm =
1

Cn(α)Cm(α)

4

MN

M∑
i=1

N∑
j=1

Gα
n(xi)G

α
m(yj)w

α(xi)w
α(yj)f(xi, yj) (1.38)

1.1.7 Chebyshev Fourier Moments

CFM [64] of order x and repetition y in polar coordinates for image I(r, θ) are

defined inside unit circle as:

Axy =

∫ 2π

0

∫ 1

0

Cx(r)exp(−jyθ)I(r, θ)rdrdθ (1.39)

where Cx(r) are real valued Chebyshev Fourier Radial polynomials expressed as:

Cx(r) =

[
64(1− r)
π2r

] 1
4

x+2
2∑

k=0

(−1)k(x− k)!

k!(x− 2k)!
(4r − 2)n−2k (1.40)

1.1.8 Orthogonal Fourier Mellin Moments

Sheng and Shen [3] introduced Orthogonal Fourier Mellin Moments in year 1994.

OFMM are based on radial polynomials and they are defined in polar coordinate

system with order p and repetition q as below:

Opq =
1

2πap

∫ 2p

0

∫ 1

0

f(r, θ)Qp(r)e
−iqθrdrdθ (1.41)

where

Qp(r) =

p∑
k=0

αpkr
k (1.42)

here

αpk = (−1)p+k
(p+ k + 1)!

(p− k)!k!(k + 1)!
(1.43)
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where p ≥ 0, q = 0,±1,±2, ... and 0 ≤ r ≤ 1. The set Qp(r) is orthogonal over

the interval 0 ≤ r ≤ 1.

1.1.9 Laguerre Moments

Laguerre Polynomials are the basis for Laguerre Moments. For an image function

I(x, y), if lαn(x) is a set of discrete orthogonal polynomials and e−xxα is weight

which satifies the following condition:

N−1∑
x=0

e−xxαLm(x)Ln(x) = ρ(n,N)δmn (1.44)

where m ≥ 0 and n ≤ N − 1, then the coefficient moments Lmn are defined as:

Lmn =
1

ρ(p,N)ρ(q,N)

N−1∑
x=0

N−1∑
y=0

e−xxαLp(x)Lq(y)I(x, y) (1.45)

where p, q = 0, 1, 2, ..., N − 1 and ρ(p,N) is given by:

ρ(p,N) =
N−1∑
x=0

e−xxxLp(x)2 (1.46)

The discrete Laguerre polynomials are expressed as [117]:

Lαn(x) =
(α + 1)n

n!
[1F1(−n;α + 1;x)] (1.47)

where α > −1 and n, x, y = 0, 1, 2, 3, ..., N − 1. 1F1(.) is generalized hyper geo-

metric function and is given by:

1F1(α;γ;x) = 1 +
∞∑
v=1

α(α + 1)...(α + v − 1)

γ(γ − 1)...(γ + v − 1)v!
(1.48)

Papers [118, 119, 120] shows the continuous form of Laguerre Moments and their

applications.
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1.1.10 Gaussian-Hermite Moments

GHM are derived from Hermite polynomials which are defined over domain (−∞,∞)

and have degree m are [4, 5]:

Hm = (−1)mexp(x2)
dm

dxm
exp(−x2) (1.49)

it exists the recursive calculation: Hm(x) = 2xHm−1(x) − 2(m − 1)Hm−2(x)

with initial conditions H0(x) = 1 and H1(x) = 2x. Hm(x) is orthogonally:∫∞
−∞ exp(−x

2)Hm(x)Hn(x)dx = 2mm!
√
πδmn, here exp(−x2) is weight function.

It can be seen that Hermite base function is neither zero nor more smoothed at

window edges. So, it brings window infection for analyzing signal. To solve this

problem, Gaussian Hermite polynomials were introduced. As per equation (1.49),

normalized Hermite polynomials are defined as:

Ĥm(x) =
1√

2mm!
√
π
e−x

2/2Hm(x) (1.50)

it gives
∫∞
−∞ Ĥm(x)Ĥn(x)dx = δmn. Normalized Hermite polynomials with stan-

dard deviation of Gaussian function are expressed as:

Ĥm(x/σ) =
1√

2mm!
√
πσ

e−x
2/2σ2

Hm(x/σ) (1.51)

Gaussian Hermite functions are more smoothed at window edges than other mo-

ments and also less sensitive to noise. Therefore, they can facilitate image recog-

nition. For image function f(x,y), GHM are defined as:

Gm,n =

∫ ∞
−∞

∫ ∞
−∞

f(x, y)Ĥm(x/σ)Ĥn(y/σ)dxdy (1.52)

basis function of degree m+ n is :

ϕm,n(x, y) = Ĥm(
x

σ
)Ĥn(

y

σ
) =

1√
2m+n−1m!n!

G(x, y, σ)Hm(x/σ)Hn(y/σ) (1.53)

1.1.11 Continuous Hahn Moments

CHM are derived from continuous Hahn polynomials which were introduced by

Askey and Wilson [121]. The Continuous Hahn polynomials are defined as:

Pn(x;α, β) = in
[
3F2

(
−n, n+ 2α + 2β − 1, β − ix ; 1

α + β, 2β

)]
(1.54)
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These polynomials are orthogonal w.r.t positive absolutely continuous weight func-

tion given by:

W (x) = (| Γ(α + ix)Γ(β + ix) |)2 (1.55)

here −∞ < x <∞ and α, β > 0 or α = β and Reα > 0.

1.1.12 Bessel Fourier Moments

BFM are derived from Bessel function of first kind which is defined as [114, 122]:

Jv(x) =
∞∑
i=0

(−1)i

i!Γ(v + i+ 1)

(x
2

)v+2i

=
(x/2)

Γ(v + 1)
(0F1(v + 1,−(x/2)2)) (1.56)

here v is real constant, Γ(a) is gamma function and 0F1 is generalized hypergeo-

metric function. Bessel function is solution of below equation (1.57):

y” +
1

x
y′ + (1− v2/x2)y = 0 (1.57)

It has following recurrence relation [123]:

Jv−1(x) + Jv + 1(x) =
2v

x
Jv(x) (1.58)

BFM in polar coordinates are defined as:

Bnm =
1

2πzn

∫ 2π

0

∫ 1

0

f(r, θ)Jv(λnr)e
−jmθrdrdθ (1.59)

here f(r, θ) is image, n = 0, 1, 2, 3, ... and m = 0,±1,±2,±3, ... is moment order,

zn = (Jv+1(λn))2

2
is normalization constant, Jv(λnr) is Bessel polynomial in r of

degree n and λn is nth zero of Jv(r). Jv(λnr) is orthogonal over range [0,1].∫ 1

0

rJv(λnr)Jv(λi)dr = anδni (1.60)

here δni is Kronecker delta. The basis function of the BFM is orthogonal over unit

disk. ∫ 1

0

∫ 2π

0

[Jv(λnr)e
−jpθ]∗Jv(λmr)e

−jpθrdrdθ = 2πznδnmδpq (1.61)

18



1.1.13 Radial Harmonic Fourier Moments

Haiping Ren in 2003 proposed the Radial Harmonic Fourier Moments (RHFM)

[26] and found them better than other ways of describing images. For an image

function I(r, θ), RHFM Hmn of order m ≥ 0 with repetition | n |≥ 0 in polar

coordinates are defined as:

Hmn =
1

2π

∫ 2π

0

∫ 1

0

I(r, θ)V ∗mn(r, θ)rdrdθ (1.62)

here V ∗mn(r, θ) is complex conjugate of kernel function Vmn(r, θ), which is expressed

as:

Vmn(r, θ) = Rm(r)ejnθ (1.63)

Radial kernel function of RHFM is a sinusoidal function in r stated as:

Rm(r) =


1√
r
, m = 0√
2
r

cos (πmr), m = even√
2
r

sin (π(m+ 1)r), m = odd

(1.64)

Kernel function of RHFM is orthogonal over unit disk and satisfies the following

condition: ∫ 2π

0

∫ 1

0

Vmn(r, θ)V ∗mn(r, θ)rdrdθ = 2πδmm′δnn′ (1.65)

where δ is Kronecker symbol such that δij = 1 for i = j and otherwise δij =

0. For maximum order, mmax and repetition nmax, total number of RHFM are

(1 +mmax)(1 + 2nmax).

1.2 Thesis Organization

This thesis is organized as follows:

� Chapter 1: This chapter introduces the moments, continuous orthogonal

moments with their formulae, plant diseases, existing ways of detecting dis-

eases in plants. This chapter also identified the prominent research gaps.

Further, research objectives are defined with the research methodology used

in this study.

� Chapter 2: This chapter covers the maximum research done in the field

of plant disease recognition using various techniques. The techniques used

recently for the disease recognition includes k-nearest neighbor, Gaussian
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distribution, histogram of template features, CNN, SIFT features and bag

of visual words. Fractional-order orthogonal moments are also discussed in

which conversion of simple integer order moments to fractional-order orthog-

onal moments is shown.

� Chapter 3: This chapter includes research gaps, problem statement and

contribution. It states the problem and its background that this thesis is

solving. The contribution to solve the problem is presented in points.

� Chapter 4: This chapter focuses on the proposed fractional-order Zernike

moments and the outer mapping approach used in the calculation which is

better than inner square to circle mapping. Graphs between radial Zernike

polynomials and values of r at different values of α are also shown. Algo-

rithm of the whole recognition process and block diagram are also shown

and discussed. Feature selection and SVM classifier are also defined in this

section.

� Chapter 5: This chapter includes database description, image preprocess-

ing ways and performance metric. The results obtained after experimen-

tation are discussed and the graph representing those reults is also drawn.

Database sample and image preprocessing process is presented with the help

of a diagram. Image preprocessing includes resizing, conversion to gray scale

and normalization. The performance metric used is recogntion rate whose

calculation procedure is also shown.

� Chapter 6: This chapter concludes the work done in this thesis. Future

research work that can be done related to this area is also discussed here.
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Chapter 2

Literature Review

Below is the work done by various authors in the field of plant disease detection

and recognition using different techniques.

In [124], authors have used deep learning and convolutional neural network for

detecting the plant leaf diseases. A deep CNN is trained that can differentiate

among healthy plant, plant with diseases and the surrounding images. Dataset is

prepared from internet by downloading images from different sources and consists

of total 33469 images.

[125] proposes an image segmentation algorithm that can automatically detect and

classify the diseases present in the plant leaves. Image segmentation is done with

the help of genetic algorithm. Comparison of SVM and neural network classifier

is shown considering classification of plant species such as beans, cotton, guava,

lemon and mango. A new technique involving SVM classifier, genetic algorithm,

and neural network is introduced for the development of a computer based vision

system for identification of plant species automatically.

In [126], the techniques for identification of three types of diseases such as leaf

rust, berry disease and wilt disease which are present on the leaf part of Ethiopian

coffee plant are presented. Comparative analysis of four classifiers such as artificial

neural network, naive, k-nearest neighbor and a hybrid of radial basis function and

self-organizing map is shown. Five different segmentation techniques are used in

experimentation which are FCM, K-means, Gaussian distribution, Otsu and the

combination of K-means and Gaussian distribution. The combination of K-means

and Gaussian distribution and the hybrid classifier approach is found to be better

than other methods with an accuracy of 92.1%.

Banana leaves are prone to various diseases such as yellow sigatoka, black sigatoka,

panama wilt, bunchy top and streak virus. So, to distinguish these diseases and

suggesting a medicine for removal of each disease, [127] have proposed a software

solution with the use of image processing methods. Color and Histogram of Tem-

plate (HOT) features are extracted from leaf images and artificial neural network

is used for disease identification and grading the amount of disease present. As

per the severity of an identified disease, a particular pesticide or medicine with its
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amount is suggested by the system.

In [128], authors have made a graphical user interface for detecting the type of

leaf disease and the percentage of affected area. Neural network and Naive Bayes

classifiers performance in evaluating the percentage of the region affected by the

diseases is compared considering different type of diseases. Three feature extrac-

tions from binary masks of the leaves are performed such as finescale margin fea-

ture histogram, centroid contour distance curve shape signature and by an interior

texture feature histogram.

In [129], plant disease identification model is introduced with the use of convolu-

tional neural networks which can distinguish between healthy leaves and thirteen

diseases of different plants. The images taken for implementation are healthy leaf

images, background images and the images having diseased leaves of pear, peach,

apple, pair and grapevine. After experimentation, the proposed technique found

to be efficient and obtained the precision around 93%.

[130] proposes a new technique for identifying and classifying the various diseases

that affect the paddy plant such as brown spot disease, leaf blast disease and bacte-

rial blight disease. The two major steps involved are paddy plant disease detection

and the detected disease recognition. Disease detection is done using Haar-like fea-

tures and AdaBoost classifier and obtained accuracy is 83.33%. The recognition of

diseases is performed with the use of scale invariant feature transform (SIFT) fea-

tures, K-nearest neighbor classifier and support vector machine. The recognition

rate using SVM is 91.10% and using K-nearest neighbor is 93.33%.

In [131] a multi-classification approach based upon two stage SVM is proposed.

The first classifier S1 considers color moments (mean, standard deviation and

skewness) for each RGB and HSV spaces to calculate 18 color features (3*3+3*3=18).

The second SVM classifier S2 considers gray level co-occurrence matrix (GCLM)

[132] for texture features (energy, contrast, entropy, homogeneity, correlation) to

obtain 30 features for each HSV and RGB (5*3+5*3=30). Eleven shape features

(area, perimeter, circularity, solidity, extent, major/minor axis lengths, diameter,

eccentricity, centroid) are also extracted from the binary image. This method

first classifies the leaves based upon color (yellow/white versus black/browns) and

then based upon their textures to find out 6 leaf diseases using multi classification

(Leaf nimers, Thrips, Tuta absoluta, Powdery mildew, Early blight, Late blight)

and has average correct classification accuracy of 87.8%.

In [133] singular value decomposition (SVD) based feature extraction and data

representation is used for cucumber disease recognition. Watershed algorithm is

used to segment the spot image and then divided into blocks for local and global
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SVD values are extracted from each of them. Then SVM is used to classify three

types of leaf cucumber diseases. In [129] convolutional neural network (CNN)

based approach is used to classify 13 types of leaf diseases using Caffe, a frame-

work developed by Berkely Vision and Learning Center which is able to achieve a

considerable precision value.

In [134] Fractional Krawtchouk Transform (FrKT) using the eigenvalues and eigen

vectors decomposition scheme to obtain a general form of Krawtchouk Transform

through watermarking example are proposed. Fractional orders are adjusted for

FrKT robustness and watermarking performance. Another approach based on

fractional order orthogonal moments is studied in [14] which can be represented

in Cartesian and polar coordinates through shifted Legendre polynomials. It has

been shown in this study that fractional order moments perform better for face

recognition, image reconstruction and region of interest feature extraction.

In [135] sparse representation classification is performed for cucumber leaf disease

detection. Image segmentation is done through K-means followed by color and

shape feature extraction. Sparse representation enhances the performance and

computational costs. It has 85.7% recognition rate to detect seven types of cu-

cumber diseases. Soybean disease detection is studied in [136] with average time

of 0.1 second per image. It is based upon local descriptors and Bag of Visual

words which is a summarization technique. Three diseases are classified out of

1200 images and this technique can be extended to other crops as well.
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Chapter 3

Problem Statement

3.1 Research Gaps

In most state of art techniques, the plant diseases are analyzed manually by an

expert. Most part of the disease present in a plant reflects on its leaves. So,

plant infection can be easily detected from leaves. However, it takes too much

time for an expert to analyze each leaf carefully and detect its malady. So, there

is a need to propose a technique which can quickly detect plant ailment and

whether the plant is healthy or not just by analyzing the leaf images. As per the

reviewed literature, various techniques used recently for disease recognition present

on plant leaves includes k-nearest neighbor, Gaussian distribution, histogram of

template features, CNN, SIFT features and bag of visual words. These techniques

capture redundant features from leaf images which consequently affects the output

generated through the classifier and the disease maynot be recognized correctly or

a leaf may be classified as a different disease label. Orthogonal moments can be

used in place of above techniques for the recognition process. They are rotation,

scaling and translation invariant and also show very less information redundancy

which is useful in classifying leaves into correct classes. They are not used in this

area before. Moreover, orthogonal moments can also be modified from integer-

order moments to fractional-order moments which can give better results.

3.2 Statement

To overcome the above limitations, a new technique is proposed for recognition

of ailments present in plants. The new proposed technique is fractional-order ZM

which is an improved version of Zernike moments that comes under continuous

orthogonal moments. FZM has the fractional order and ZM is of integer type

order. In this study, grape leaves are chosen for classification into four classes

which are healthy, eska, black rot and leaf blight with the use of FZM and SVM

classifier. After prerocessing, FZM are extracted from leaf images which are then

selected with the help of random forest. Feature matrix of images after feature
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selection is put into the SVM classifier for classification of images into respective

classes.

3.3 Contribution

� Introduction to fractional-order Zernike moments that results in better fea-

ture extraction compared to integer order Zernike moments and other feature

extraction methods. Fractional order moments are capable to capture more

feature details compared to integer order moments as proved in [14].

� Application of continuous orthogonal moments to plant disease detection is

proposed. Orthogonal moments are more efficient than other approaches

because they show minimum information redundancy in feature extraction.

Moreover proposed fractional-order orthogonal moments are improved ver-

sion of orthogonal moments.

� To automate the detection of plant leaf diseases without the need of an

expert which is more efficient and faster framework to recognize diseases.
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Chapter 4

Proposed Methodology

Figure (4.1) shows the block diagram of the whole process of plant disease recogni-

tion. Firstly, in the training phase, each image from the inputted plant leaf image

database is preprocessed which includes resizing of image, conversion to gray scale

and normalization. After preprocessing, fractional order Zernike moments of im-

ages are calculated and the training feature matrix is obtained. This training data

is put into SVM classifier to train it so that it will be able to recognize the various

types of plant diseases in future. Now in the testing phase, when an image comes

for prediction of disease, it will be prepocessed in the same way as training phase.

Then the FZM are extracted and feature selection is performed to get the final

feature vector for test image. This feature vector is put into the trained classifier

which will find whether the plant is healthy or not and if not, then the disease

present in plant will be identified. Algorithm (4.1) shows the complete pseudo

code for the calculation of FZM. In this, variable A has the actual magnitudes of

moments that act as features of input images.

4.1 Fractional-order Zernike moments

This is a new feature extraction technique introduced here. Image feature ex-

traction means finding those unique and distinctive values that describe an image

in a reduced form and are able to distinguish the image from other images. In

this study, the unique values related to the images are fractional-order Zernike

moments which act as distinctive features to recognize the leaf diseases. These

moments involve minimum information redundancy and are invariant to rotation

, scaling, orientation and translation. The difference between FZM and existing

ZM lies in the order. Table (4.1) shows the notations or symbols used for variables

in the experiments and their explanation.

The definition FZM is almost similar to the ZM with replacement of integer-order

with the fractional order. There are two types of square to circle mapping used

by various authors to map pixel coordinates onto a unit circular disk. The two

mapping techniques are inner circle mapping and outer circle mapping. In inner
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Figure 4.1: Block diagram for plant leaf disease recognition

circle mapping technique, an image is mapped onto a unit circular disk in such a

way that the center of image is transformed into origin and pixel coordinates of

image are normalized within a range of unit disk. In this mapping, corner pixels

are not included in moments computation, so there is a loss of information which

is a disadvantage. Outer circle mapping overcomes the drawback of inner circle

mapping approach. In this, the whole image is mapped inside the unit circular

disk, so there is no pixel loss while calculation of moments. In figure (4.2), (a)

shows the inner circle mapping and (b) shows outer circle mapping technique. It

can be seen in the figure that there will be different values of radius r in both the

techniques which consequently change the calculation of FZM. Outer mapping

technique is used here due to its advantage of no pixel loss.
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Algorithm 4.1 Plant disease recognition algorithm

File← All types of leaf images
NoI← length of File; Size← 50
for k ∈ {1, . . . , NoI} do

image← imread(File(k).name))
Images(:,:,k)← double(rgb2gray(imresize(image,[size size])))
f(:,:,k)← mat2gray(Images(:,:,k))

end for
order← 20 or 30
x,y← 1:size
[X, Y ]← meshgrid(x, y)
X ← X − 1; Y ← Y − 1
Calculate values of xi and yj using equations (4.9) and (4.10) respectively

R←
√

(x2 + y2); θ = arctan(yj, xi)
for k ∈ {1, . . . , NoI} do
count← 1
for p ∈ {0, . . . , order} do

for q ∈ {0, . . . , p} do
if (p− | q |)%2) 6= 0 then

continue
end if
α← 0.5, 1, 1.5, 2, 2.5 (one value at a time)
Calculate value of radial polynomials (Bpq(α, r)) using using equation
(4.2) and then fractional Zernike polynomials (Apq(r, θ)) using equation
(4.1)
Now Using equation (4.13), calculate the value of FZM
A(count, k)← abs(FZM)
count← count+ 1

end for
end for

end for
End

Fractional-order Zernike polynomials are a set of orthogonal polynomials that are

defined inside unit circle, i.e., x2 + y2 = 1. They are defined as (4.1):

Apq(r, θ) = Apq(x, y) = Bpq(α, r)e
iqθ (4.1)

where p can be zero or a positive integer such that p ≥ 0 and q can be positive

or negative integer satisfying the constraints, 0 ≤| q |≤ p, p− | q | = even,

i =
√
−1 and r represents the length of vector from origin to pixel (x, y). The

angle θ represents the angle between r vector and x-axis in the counter clockwise

direction which is given as θ = arctan(y/x) and Bpq is the radial polynomial which
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Table 4.1: Variables and definitions

Variable Definition
Fpq Fractional order Zernike

Moments
Apq Fractional order Zernike

polynomials
Apq Complex conjugate of frac-

tional order Zernike polyno-
mials

Bp,q Radial polynomials
I(x, y) Image function
δab Kronecker delta
α Real number used for mak-

ing integer order fractional
p Moment order
q Repetition
r Length of vector from origin

to (x, y)
D Diameter of circle on which

image is mapped
N Dimension of image
xi, yi Mapped pixel coordinates

is defined in equation (4.2):

Bpq(α, r) =
√
α

(p−|q|)/2∑
k=0

(−1)k × (p− k)!

k!(p+|q|
2
− k)!(p−|q|

2
− k)!

rα(p−2k)+(α−2)/2 (4.2)

where α ∈ R+. From equation (4.5) and (4.2), it can be derived that order of

FZM is q + αp+ (α− 2)/2.

Figures (4.3, 4.4, 4.5, 4.6 and 4.7) show the plots of fractional-order radial Zernike

polynomials at different values of α which are drawn to check the numerical stabil-

ity of the polynomials. The values of α are chosen as per stability of polynomials

to obatain more accurate results. X-axis is r values and Y-axis represent the val-

ues of Bpq(α, r). It can be seen in the figures that roots of fractional-order radial

Zernike polynomials are gathered in interval close to 0 when α < 1 and in inter-

val near 1 when α > 1. Also, the order of fractional-order radial shifted Zernike

polynomials is αp + (α − 2)/2 < n when α < 1. Fractional-order radial Zernike

polynomials with α < 2 are becoming large when r is tending to 0 which may

result in numerical instability. So, FZM with α > 2 are able to provide efficient

results.

The equation showing the satisfaction of orthogonality relation by fractional Zernike
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Figure 4.2: Inner and outer circle mapping techniques

Figure 4.3: Plot between r values and Bpq(α, r) radial polynomials at α = 0.5

polynomials is given below:∫ 2π

0

∫ 1

0

A∗pq(x, y)Ap′q′(x, y)dxdy =
π

p+ 1
δpp′δqq′ (4.3)
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Figure 4.4: Plot between r values and Bpq(α, r) radial polynomials at α = 1

Figure 4.5: Plot between r values and Bpq(α, r) radial polynomials at α = 1.5

here, A∗pq(x, y) represents the complex conjugate and δab is Kronecker delta which

is expressed as:

δab =


1, a = b

0, otherwise

(4.4)

FZM are extracted from the image by projecting it onto complex orthogonal frac-

tional Zernike polynomials. For an image function I(r, θ), fractional-order ZM are
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Figure 4.6: Plot between r values and Bpq(α, r) radial polynomials at α = 2

defined as:

Fpq =
p+ 1

π

∫ 2π

0

∫ 1

0

I(r, θ)A∗pq(r, θ)rdrdθ (4.5)

=
p+ 1

π

∫ ∫
x2+y2≤1

I(x, y)A∗pq(x, y)dxdy (4.6)

The integrals are replaced by summations for a digital image. So, equation (4.6)

becomes:

Fpq =
p+ 1

π

∑
x

∑
y

I(x, y)A∗pq(x, y)∆x∆y (4.7)

If I(x,y) is a digital image of size N x N then FZM is given as:

Fpq =
p+ 1

π

N−1∑
0

N−1∑
0

I(xi, yi)A
∗
pq(xi, yi)∆xi∆yi (4.8)

With center of pixel (i, j), (xi, yi) are the mapped pixel coordinates that occupies

the area of [xi −∆x/2, xi + ∆x/2] × [yj −∆y/2, yj + ∆y/2] and [33] are defined

as equations (4.9) and (4.10):

xi =
2i+ 1−N

D
(4.9)
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Figure 4.7: Plot between r values and Bpq(α, r) radial polynomials at α = 2.5

yj =
2j + 1−N

D
(4.10)

where ∆x and ∆y can be expressed as:

∆xi = ∆yj =
2

D
(4.11)

Using equations (4.9, 4.10) and (4.11), equation (4.8) can be written as:

Fpq =
4(p+ 1)

πD2

N−1∑
0

N−1∑
0

I(xi, yi)A
∗
pq(xi, yi) (4.12)

Here, the value of D should be chosen as per the mapping technique. For inner

circle mapping, the value of D will be N and for outer circle mapping approach,

it will be N
√

2, which can also be visualized in the figure (4.2). For inner circle

mapping, FZM can be calculated using equation (4.12) just by replacing D with

N . However, in outer circle mapping, FZM can be calculated as:

Fpq =
2(p+ 1)

πN2

N−1∑
0

N−1∑
0

I(xi, yi)A
∗
pq(xi, yi) (4.13)

Like ZM, the square to circle mapping makes the magnitudes of FZM as rota-

tion and scale invariant. So, the magnitudes of FZM act as image representing

features.
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4.2 Feature selection

The term feature selection means selection of significant features or attributes

from the extracted features for constructing a model. In this process, the non-

essential features are left and the features that highly affect the model training and

its testing accuracy are chosen. Feature selection is done to simplify the model,

shorten training data, remove redundant features and overfitting. In this paper,

feature importance is measured using Random Forest classifier and then the first

fifty features are picked for model training in case of order 20 and first 150 features

are chosen in case of order 30. The effect of feature selection can be seen in the

results shown in table (5.1). Accuracy has been improved comparative to results

obtained without feature selection.

Figure 4.8: Example classification of 4 classes of data using SVM

4.3 Support Vector Machine

Support Vector Machine (SVM) is a machine learning model which comes under

supervised learning approach. Its concept was given by Vapnik and Chervonenkis

in 1963. It is used for classification of data into two or more classes, regression

and outlier detection. Binary classification SVM tutorial can be found in [137]

and multi-classification SVM operational details are in [138]. Figure (4.8) shows

an example of multiclass SVM. There is a separating hyperplane in SVM which

separates data into class labels. Hyperplane plays an important role in good sepa-

ration of data points. It effectively separate data points with a decision boundary

which lies at the maximum distance from respective classes which means right in

the middle. This is because greater is the margin, lower the generalization er-

ror of a model for testing. SVM has various kernel functions available depending

34



upon the underlying data distribution such as linear, radial basis function and

polynomial, quadratic. In linear kernels, the hyperplane should be a straight line,

however, in non-linear kernel functions the boundary that separates data points

is not a straight line. So, non-linear kernel SVM are much powerful than linear

kernels because they can capture more complex relationships between data for

classification. However, non-linear SVM takes more time to train as it is compu-

tationally intensive. Basically the data is first projected into a higher dimensional

feature space using the kernel function where it is linearly separable. Afterwards,

when the decision boundary is projected back into original data space, it results

into a non-linear hyperplane. Here we are using radial basis function (rbf) SVM

for classification of grape leaf diseases. SVM gives better results in case where

number of data dimensions is larger than the number of samples in data and it

also consumes less memory.
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Chapter 5

Experimental Results

For experimentation, 400 images are collected consisting of 100 images from each

of the four classes such as healthy, black rot, eska and leaf blight depicted as

1, 2, 3 and 4 respectively in the train database. After preprocessing, gray scale

normalized images of pixel size 50 x 50 are obtained. Then ZM and FZM are

extracted from each image which provide a feature vector of a particular size

depending upon the selected order of ZM and FZM respectively. In this paper,

two orders 20 and 30 are used for implementation. The number of moments

(NoM) retrieved as per given order p can be calculated as (5.1):

NoM =


1
4
(p+ 1)(p+ 3), p = odd

1
4
(p+ 2)2, p = even

(5.1)

So, as per equation (5.1), the number of moments retrieved are 121 and 256 on

order 20 and 30 respectively. Then a feature matrix is obtained after combining

feature vectors of each image. Firstly, the SVM classifier is trained and tested using

this feature matrix to obtain the classifier accuracy. Then the feature selection is

done on this feature matrix and process is repeated. The results obtained using

ZM and FZM at different values of α and with or without feature selection are

shown in table (5.1). These results are also shown in the form of a bar graph to

have a visual comparison in figure (5.7). It can be seen in table (5.1) that FZM

with α = 2.5 has the maximum recognition rate of 95.12%.

5.1 Database description

Images are downloaded one by one from Plant Village website to make the whole

grape leaf database. The whole image repository is fully described in [139]. Grape

leaf is mainly affected by diseases such as black rot, eska (black measles or spanish

measles) and leaf blight (isariopsis leaf spot) which are considered in this study.

The images of disease affected leaves and a healthy grape leaf are shown in figures

(5.1, 5.2, 5.3 and 5.4). So, grape leaves are recognized as of four categories: healthy,
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Figure 5.1: Healthy Figure 5.2: Black rot

Figure 5.3: Esca Figure 5.4: Leaf blight

black rot, eska and leaf blight. A total of 400 images are taken for experimentation

consisting of 100 images from each mentioned category. Images are of same as well

as different sizes. However, all the images are re-sized to 50 x 50 pixels for efficient

calculation of results and then used for implementation.

5.2 Image preprocessing

Image preprocessing is a very crucial step of image recognition process as it in-

creases the accuracy and make the proposed technique more efficient. The goal

of preprocessing is to improve the image data, getting better feature extraction,
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Figure 5.5: Sample image database for disease classification. First row
corresponds to healthy leaves. Second, third and forth rows corresponds to Black

rot, esca, leaf blight diseases.

gaining consistency and also improves some image features important for addi-

tional processing. In this paper three steps are performed under preprocessing

stage: (a) image resizing, (b) conversion of image from RGB to gray scale, (c)

normalization. After image preprocessing step, images will have better feature

extraction capability as they contain only useful information now. Preprocessing

steps are defined below:

� Resize: The collected images are all of different sizes having different num-

ber of pixels. So, in order to get accurate results, image resizing has an

important role. All the collected images are resized to 50 x 50 pixels which

make them square in shape and of same size. Moreover, the computation

process is also fasten up as the size is decreased. Figure (5.6) shows the

resized image obtained from the original image.

� Conversion: Conversion of images from RGB scale to gray scale is also

necessary as it increases speed of processing, decreases code complexity and

gray images can be easily visualized. Third image in figure (5.6) shows the

gray scale image of its previous image.

� Normalization: The images of plant leaves are captured in different sizes

and from different distances. The size may change because of illumina-

tion variations. Such changes in the images will influence the plant disease

recognition results. So, it is necessary to compensate for such changes or de-

formations for achieving more accurate results. Linear normalization (In) of
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Figure 5.6: Image resize to 50× 50 and gray scale conversion for FZM input to
extract features

a gray scale image can be calculated as (5.2) where Min and Max are min-

imum and maximum intensity values of image and newMin and newMax

are the new intensity values.

In = (I −Min)
newMax− newMin

Max−Min
+ newMin (5.2)

5.3 Performance metric

The performance metric used for comparison between moments is recognition rate

(RR). It represents the percentage of all the test data objects that have been

classified into the correct class by the classifier. It can be expressed as:

RR =


1, if Actual = Predicted

0, if Actual 6= Predicted

(5.3)

Final value of recognition rate (in%) can be obtained by taking mean of the value

got in equation (5.3) and calculating its percentage.
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Figure 5.7: Recognition rate (RR) comparison of plant disease detection using
integer and fractional order Zernike moments. α determines the value of

fractional order for FZM

Table 5.1: Recognition rates (in %) of moments with and without feature
selection

Moments Order
20

Order
20 (after
feature
selection)

Order
30

Order
30 (after
feature
selection)

ZM 78.21 85.79 85.67 88.57
FZM (α=0.5) 81.87 89 88.46 92.9
FZM (α=1) 83 89.8 89.74 93.14
FZM (α=1.5) 88.55 91 90.34 94.2
FZM (α=2) 90.32 92.98 91.25 94.7
FZM (α=2.5) 92.56 94.1 93.72 95.12
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Chapter 6

Conclusion and Future Work

In this thesis, a new version of continuous orthogonal Zernike moments is intro-

duced which is known as fractional Zernike moments. Fractional Zernike moments

are used to extract features and then SVM is used for plant disease detection. The

plant leaf chosen for study is grape which suffers from three major diseases and

can be recognized as belonging to one of the four classes: healthy, black rot, eska

and leaf blight. Comparison of ZM and FZM at different values of α and also with

and without feature selection is shown on the basis of recognition rate of class la-

bels. After experimentation, it is found that FZM provides more promising results

compared to ZM at all values of α. However, the highest recognition rate obtained

is 95.12% using FZM at order = 30 (after feature selection) and α = 2.5.

Future extension of this work could be to analyze the proposed approach for image

reconstruction, character or face recognition, iris identification and image water-

marking. Other classifiers can be incorporated such as artificial neural network,

k-nearest neighbour, decision tree and random forest. Moreover continuous and

discrete orthogonal moments can also be made fractional and applied for image

processing.
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