International Journal of Applied Engineering Research

ISSN 0973-4562 VVolume 10, Number 8 (2015) pp. 19441-19456
© Research India Publications

http://www.ripublication.com

Maize Leaf Deficiency Identification Using Multivariate
Partial Least Square Regression

'S, Sridevy and ?Dr. Anna Saro Vijendran
!Assistant Professor, Dept. of PS&IT, AEC&RI, Tamil Nadu Agricultural University,
Coimbatore
?Director & Head, Department of MCA in SNR Sons College, Coimbatore

Abstract

This paper is for identifying the deficiency part in the maize crop leaf.
Nowadays leaf analysis is one of the innovative researches for many
applications. Every plant and crop production need nutrient for their growth.
Totally 16 nutrients are required for crop growth. The proposed system
implements a novel approach to identify the lack of nutrients in the crop
image. Images are collected from the Agricultural University, Coimbatore.
The input images are processed in three steps: preprocessing, feature
extraction and regression. In the preprocessing, HSV transformation and
histogram enhancement are processed. After the preprocessing, ICA is carried
out to extract a reference eigenmatrix. Three types of features are extracted
from crop image, they are color, shape, texture features. From the extracted
features, the nutrient deficiency is identified using Multivariate Partial Least
Square (MPLS). After MPLS process Kappa coefficient is calculated in order
to find the performance of the regression method. Experimental result proves
the better regression output than existing one.

Introduction
Due to the increasing costs of crop production and to the progressing environmental
pollution by agrochemicals, mineral fertilizers should be applied more efficiently.
This concerns primarily N, because the over application of this element leads to low
N recovery efficiency and to a risk of nitrate pollution of ground waters. The
diagnostics of disease symptoms in plants, including those resulting from nutrient
deficiencies, require quick, reliable and precise instrumental techniques enabling to
recognize the symptoms of physiological disorders prior to the occurrence of
responses to stress factors that can be observed visually. The majority of them affect
the composition and proportions of pigments in leaf tissues [6].

For growth and development, plants need some food. Each plant wants 16 essential
elements for its development. They are Carbon, hydrogen, and oxygen are derived
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from the atmosphere and soil water and the remaining 13 elements are nitrogen,
phosphorus, potassium, calcium, magnesium, sulfur, iron, zinc, manganese, copper,
boron, molybdenum, and chlorine. Based on soil minerals and soil organic matter
these are supplied by organic and inorganic fertilizer [10].

If the nitrogen supply is decreases in plant then the Relative Growth Rate (RGR)
for the respective plant is decreased. This type of decrease is mainly happened
through decreases in leaf area ratio (LAR). It is also depend on the lower Leaf Mass
Ratio (LMR), but it is not usual and also decreases in Specific Leaf Area (SLA) [7and
8].

Some of the nutrients in plants are changed. In [9] the author tells about the
concentration of nitrate in sols and their changes. This type of concentration is
affected by two processes they are denitrification and leaching. Denitrification is
happen when the soil is undertaken with water temporarily and the oxygen part is
removed from the soil pores. Leaching of nitrate occurs in soils when excessive water
moves through the profile, especially sandy soils.

Literature Survey

Plant species identification is carried over in [11]. Here the author proposed an
efficient algorithm to detect the leaf by using computer-aided plant species
identification and this system is depend on the shape of the leaf images. Nevertheless,
standard laboratory analysis of N concentration in the above-ground biomass is
expensive and time consuming, especially if a rapid crop N status evaluation is
required for in-season decision making procedures [12]. For this reason, quick and
practical tests have been proposed, some of which are already spread among growers.
Opto-electronic based techniques can strongly help to reach the previously mentioned
goals, thanks to easiness of use and low costs. Two of the most common and simple
of these are: the chlorophyll meter readings (e.g., SPAD-502, Minolta) and the
measurements of N-NO3 concentration in petiole sap (SAP test).

In [13] studied the color of robusta (Cofea canephora Pierce ex Froehner) leaves,
and noted the occurrence of a significant linear dependence between the N content of
leaves and readings on a chlorophyll meter. In [14] analyzed leaf spectral reflectance,
transmittance and absorbance under conditions of physiological stress in five plant
species, and reported that the greatest differences occurred at wavelengths around 700
nm. The most significant changes in reflectance concerned the yellow-green color,
which was ascribed to the effect of stress on a decrease in the chlorophyll content of
leaves. However, in some cases these changes were not specific to particular stress
factors, implying the need to continue research into changes in the color of leaves in
plants exposed to stressors.

Nitrogen is one of the most important nutrients for plant growth and its fertilizer is
used for the crop yield maximization [15, 16 and 17]. However, improper use of N
fertilizer and other crop production management practices cancause nitrate (NO3)
leaching below the crop root zone, which may eventually contaminate ground water
[18 and 19].
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The objective of this study was to determine changes in the color of the leaf to
identify the deficiency of nutrients such as N, P, K and Mg. A number of supervised
and unsupervised approaches are available in the literature to carry out defect
identification in plants. But, most of the existing supervised techniques do not offer
accurate results under non-linear problem conditions.

Methodology

In this paper proposed a novel approach to identify the deficiency of nutrients. The
proposed system divides the system into preprocessing, feature extraction and
regression. Classification system provides lack of transparency in result and also it is
computationally expensive one. To overcome this, implement or introduce the
regression method that regression model is fitted to each variable and give the
predicted value. Better predictions are done using multivariate regression. The main
thing to use regression than classification is predict the value of one variable given the
value of another and learn how to control future values of a variable by controlling
values of variables it's related it.

Read an image

v

HSV Transformation

v

Independent
Component Analysis

v

Feature Extraction

'

Regression
Output

Figure 1: Overall Methodology

A. HSV Color Transformation

The HSV color space is essentially completely different from the wide noted RGB
color space since it separates out the Intensity (luminance) from the color data
(chromaticity). Again, of the two chromaticity axes, a distinction in Hue of a element
is found to be visually a lot of distinguished compared to it of the Saturation. For
every element, either its Hue or the Intensity is chosen because the dominant feature
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supported its Saturation. In situations where color description plays an integral role,
the HSV color model is often preferred over the RGB model. The HSV model
describes colors similarly to how the human eye tends to perceive color. RGB defines
color in terms of a combination of primary colors, whereas, HSV describes color
using more familiar comparisons such as color, vibrancy and brightness.

The significance of HSV over RGB is been clearly illustrated in. [1]. In [1] that the
approximation done by the RGB feature blurs the distinction between two visually
separable colors by changing the brightness. But, the HSV based approximation can
determine the intensity and shade variations near the edges of an object, thereby
sharpening the boundaries and retaining the color information of each pixel. This
makes the HSV-based features very useful in image analysis. So, this approach uses
HSV color transformation approach.

Initially, the RGB images of maize crop leaves are acquired. Then, RGB images
are converted into Hue Saturation Value (HSV) color space representation. Hue is a
color attribute that describes pure color as perceived by an observer. Saturation refers
to the relative purity or the amount of white light added to hue and Value means
amplitude of light. Considering that (I) exists in RGB color space, then

mx,jy = max(Ir,p lo,jy s i) (1)
ming, jy = min(Izg lo. ) s .j) (2)
60*(1G(i, ‘)_IB(i, '))
e vy > max(lap Tap)
N 180*(IB(i, ')_IR(i, '))
H(L']) - mx—]min : [G(i'.l') > max(lR(i'j)’IB(iJ)) (3)
300+(Irci, H~I (i)
m—— oty > max(In,jy loci.p)
V(i j) = [mx] )
. . _ [mx—min]
S, ) = — )

After the transformation process, the Hue component is taken for further analysis.
Saturation and Value are dropped since it does not give extra information. Figure 2
shows the H, S and VV components.

B. Histogram Equalization for Image Enhancement

Histogram Equalization is a technique that generates a gray map which changes the
histogram of an image and redistributing all pixels values to be as close as possible to
a user —specified desired histogram. HE allows for areas of lower local contrast to
gain a higher contrast. Histogram equalization automatically determines a
transformation function seeking to produce an output image with a uniform
Histogram. Histogram equalization is a method in image processing of contrast
adjustment using the image histogram. This method usually increases the global
contrast of many images, especially when the usable data of the image is represented
by close contrast values. Through this adjustment, the intensities can be better
distributed on the histogram. Histogram equalization accomplishes this by effectively
spreading out the most frequent intensity values [2].
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Histogram equalization automatically determines a transformation that produces an
image with uniform histogram of intensity values. Consider a discrete grayscale
image {x} and let n; be the number of occurrences of gray level i. The probability of
an occurrence of a pixel of level i in the image is

P()=plx=i)="0<i<L (6)

Where L being the total number of gray levels in the image, n being the total
number of pixels in the image, and P, (i) is the image's histogram for pixel value i,
normalized to [0,1].Let us also define the cumulative distribution function
corresponding to P, as

cdfe(i) =% (7)
Cdfx(i) = Ej:o Px(i) (8)

This is also the image’s accumulated normalized histogram. A transformation of
the form y = T(x) is created to produce a new image {y}, such that its CDF will be
linearized across the value range, i.e. for some constant K.

cdf, (i) = iK 9)
The properties of the CDF allow us to perform such a transform; it is defined as
y =Tx) = cdfp(x) (10)

The function T maps the levels into the range [0, 1]. The above describes
histogram equalization on a gray scale image. However it can also be used on color
images by applying the same method separately to the Red, Green and Blue
components of the RGB color values of the image. The image is first converted to
another color space, HSL/HSV color space in particular, then the algorithm can be
applied to the luminance or value channel without resulting in changes to the hue and
saturation of the image. The color intensities are spread uniformly leaving hues and
saturation unchanged [3, 4].

C. Independent Component Analysis
Several ICA algorithms have been proposed so far, which are different in objective
functions (or contrast functions) for statistical independence and how to derive ICA
algorithms [1, 8, 9, 10]. In general, estimated independent components obtained by
using these algorithms are different each other. However, it is difficult to discuss
which algorithms are most appropriate for feature extraction of characters in the
present circumstances. Hence, in the followings, we shall adopt Fast ICA algorithm
proposed by Hyvarinen and Oja [5] from its convergence speed.

Suppose that we observe a m-dimensional zero mean input signal at time t,
v(t) = {v,, ...., v} Where,’ means the transposition of matrices and vectors. Then
the n-dimensional whitening signal, x (t), is given by the following equation:

x(t) = Mv(t) = D~Y2Ev(t) (17)

Where M means a nxm(n<m) whitening matrix that is given by a matrix of eigen
values, D, and a matrix of eigenvectors, E. Here, assume that v (t) is composed of n
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statistically independent signals, s(t) = {s,(¢t), ...., s,()}. Then, the following linear
transformation from x(t) to s(t) exists:

s(t) = Wx(t) (18)

W ={w,,..,w,}is often called a separating matrix, and it can be acquired
through the training of a two-layer feed forward neural network. This neural network
has n outputs denoted as3(t) = {8,(t),....,5,(t)} and the ith row vector, w;(i =
1, ...,n)ofW corresponds to a weight vector from inputs to the ith outputs;. The term
'independent’ is used here according to the following definition in statistics:

plsi(0), ..., sp ()] = [1izq pilsi (D] (19)

Where p[.] is a probability density function. Since the above probability density
function is not preliminary unknown, suitable objective functions should be devised
such that neural outputss$; are satisfied with Eg. (19) as much as possible, that
3(t) = s(t). Karhunen and Oja have proposed the following objective function [10], J
(), to be maximized in terms of output signalsS:

I = Sy [Efs7) - 3[E{s2)]| (20)

Where E{.} means expectation. As well known, Eq.(20) corresponds to the fourth-
order cumulants of §;(t) called kurtosis. Learning algorithms for a separation matrix,
W, are derived from the gradient of Eq. (20). In the followings, we adopt Fast ICA
algorithm proposed by Hyvarinen & Oja in which fixed points of the gradient are
obtained on-line.

Feature Extraction

Feature extractions are done by some parameters they are entropy, energy,
eccentricity, perimeter, mean, standard deviation, and variance. Mean (E) - Mean
value of pixel intensities in the block is defined as arithmetic average of distribution
of pixels in the block. It is computed using the function mean () in mat lab.

LT Ex/N (11)
Standard Deviation (o) - Standard deviation of pixel intensities in the block is
defined as calculated using the function std () in mat lab.

ol Tt =Y(x - (12)
Variance (V) is the square of the standard deviation
v = (o/")? (13)

Perimeter (P) - Perimeter is defined as the distance around the block and computed
using the formula

P=2x(H+W) (14)

Energy (E) - It is defined as sum of squared elements in the image and is also
known as uniformity or the angular second moment.
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= Xxf (15)
Entropy- It is defined as statistical measure of randomness that can be used to

characterize the texture of the input image. It is calculated using the function entropy
() in mat lab.

Entropy = ¥, P(i,)HlogP (i, j) (16)

Multivariate Partial Least Square (MPLYS)

Multivariate data analysis is the simultaneous observation of more than one
characteristic. In contrast to the analysis of univariate data, in this approach not only a
single variable or the relation between two variables can be investigated, but the
relations between many attributes can be considered. In general consider an
multivariate linear regression model with an nx m matrix X of predictors and ann x p
matrix Y of dependent variables; both matrices are mean-centered. Similar to
Principal component regression (PCR), approximate

X = TPT

Y ~UQT
In this equation T and U are the respective score matrices that consist of linear
combination of the x and y variables. Then P and Q are the respective loading
matrices of X and Y. Note that, unlike in PCR, in PLS in general not the loadings are
orthogonal, but the scores a < min(n; m) is the number of PLS components.

Additionally, the x- and y-scores are related by the so-called inner relation a linear
regression model maximizing the covariance between the x- and y-scores.

U=TD+H

The regression coefficients are stored in a diagonal matrix D = diag(d,, ..., d,)
and the residuals in the matrix H. The OLS estimator for D gives us an estimateU =
TDand thusY = TDQT.Using ¥ = XB then obtain

BPLS = PDQT

The inner relation can destroy the uniqueness of the decomposition of the data
matrices X and Y. Normalization constraints on the score vectors t and u avoid this
problem. To fulfill these restrictions we need to introduce (orthogonal) weight vectors
w and c such that

t=Xwandu =Yc
With
Iitll = IXwll = 1 and |[ull = |[Ye|l =1
Consequently, here the score vectors do not result from projection of X on loading

vectors but on weights.
The objective function of PLS regression can then be written as

maxCov(Xw,Yc)
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or
maxtTu = (Xw)TYc=WTXTYc

with the constraints (6). The maximization problems (7) and (8) are equivalent.
From (8) we see that the first weight vectors wl and cl are the left and right
eigenvectors of the SVD of XTY corresponding to the largest singular value. In the
univariate casey = Xb + e, approximate only X ~ TPT and the inner relation
reduces to

y=Td+h
And the PLS estimator for b to

EPLS = Pd

Generate
matrix

v

Linear Regression Matrix

v

Generate the diagonal matrix for
regression

v

Normalization

v

Find the maximum Covariance

v

Prediction

Figure 2: Flow Chart for MPLS algorithm

A. Kappa Co-Efficient

Using this kappa co-efficient the inter class variation can be measured, when two or
more class evaluating the same thing. Kappa gives us a numerical rating of the degree
to which this class agreement evaluation occurs. The calculation is based on the
difference between how much the feature extracted is classified (observed agreement)
to how much the feature extracted is expected to be classified by chance alone
(“expected” agreement).). Kappa is a measure of this difference, standardized to lie on
a -1 to 1 scale, where 1 is perfect agreement, 0 is exactly what would be expected by
chance, and negative values indicate agreement less than chance, i.e., potential
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systematic disagreement between the observers. The overall accuracy of the proposed
regression MPLS algorithm is calculated using Cohen’s Kappa co-efficient. The
kappa coefficient (K) is given by

P, — Pg

K =
1_PE

Where,
P, is the overall percent classified
Pz is chance of classified.
The overall accuracy of the proposed regression MPLS algorithm is calculated
using Cohen’s Kappa co-efficient. The kappa coefficient (K) is given by
Py —Pg

K =
1—Pg

Where
P, is the overall percent classified
Pz is chance of classified.

Experimental Result
The experimental process is conducted in MATLAB. Total 60 images are collected

from Agricultural University, Coimbatore [20], in those 30 images for training
purpose and 30 images for testing purpose.
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Defect Found in this imaage iz Mitrogen Deficiency

Figure 10: Output

Table 1: Comparison of Accuracy

Techniques | Correctly detected Images | Accuracy
PCA 26/30 86
ICA 27/30 90
MPLS 28/30 93.3
Accuracy Comparsion
100 - m Accuracy

< 80 A

X

> 60 -

©

5 40 -

< 20 -

0
PCA ICA MPLS
Techniques

Figure 11: Comparison of Accuracy

Figure 3 provides the original image then the original image of RGB is converted
into HSV and it is shown in Figure 4.Hue, Saturation and value images are produced
through this Figure 4, and also get the deficiency part present in that image though
mask process they are hue and black mask. This type of mask is used to get the
deficiency part in the image by masking the green colored except brown to find out
the deficiency. Histogram for the deficiency part was shown in Figure 6. This paper
provides some of the result of training part and testing of phosphorous and nitrogen
and the output of the nitrogen deficiency are shown in Figure 7, Figure 8, Figure 9
and Figure 10. Table 1 gives the comparison of accuracy between existing PCA and
proposed ICA and MPLS. Proposed MPLS gives better accuracy than proposed ICA
and existing PCA. That the accuracy is calculated from correctly detected images.
PCA algorithm is detected 26 images out of 30 images, ICA algorithm detected 27
images out of 30 and gives the accuracy of 90% and proposed MPLS algorithm
detected 28 images out of 30 and gives the accuracy of 93% of better classification
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than proposed ICA and existing PCA. Figure 11 illustrates the comparison of
accuracy, from the figure it is clearly observed that the proposed MPLS algorithm
classified better than the ICA and PCA.

Table 2: Comparison of Kappa’s Coefficient

Technique Kappa’s Coefficient
PCA 83.72
ICA 88.88
MPLS 92.81
95
% 90
T g5
§ 80 I
75
PCA ICA MPLS
Technique

Figure 12: Comparison of Kappa’s coefficient

Table 2 and Figure 12 show the comparison of kappa’s coefficient for different
techniques. From the figure itcan be easily stated that the proposed technique out-
performs other techniques in terms of kappa’s coefficient.

Conclusion

This paper use a MPLS approach for detects the nutrient deficiency in leaf image.
Three steps are carried over in this paper they are preprocessing, feature extraction
and regression. ICA technique is more natural than PCA method. Compared to PCA
and ICA, proposed MPLS is evaluating more for dimensionality reduction. The
performance of the regression method is evaluated using Kappa coefficient. From the
experimental result it is clearly observed that the proposed method provides better
result than existing method.
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