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Abstract

Pavit Noinongyao 56090015
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Dr. Ukrit Watchareeruetai ~ Advisor
Academic Year 2016
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Nutrient deficiencies in plants cause a lot of problems. They lead to slow or even
stuck in growth of plants and also the productivity. In agriculture, these problems
are considered very severe. Therefore, an ability to robustly detect these deficiencies
is extremely desirable.

Nutrient deficiencies also lead to unusual appearance on a plant’s leaves and
they can be observed visually. This thesis proposes a system for classifying defi-
ciencies presented on a plant using its leaf image. The system comprises two main
components which are mobile application and the server. The mobile application is
used to acquire a leaf image and segment background region using active contour
model and send the image to the server. The server receives and classifies the defi-
ciency presented in the input image. To classify the input image, it is first divided
into blocks of equal size without background region. Each block is fed into multiple
convolutional neural networks (CNNs) implementing multilayer perceptron-based
one-vs-all strategy to produce block-level labels. The portions of each label are used
to feed to another multilayer perceptron to determine the final nutrient deficiency of
the whole leaf image. The result is then send back to the mobile application

Experimental results show that on average, the system outperform human ability

in recognizing plant nutrient deficiencies on leaf images.
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Chapter 1

Introduction

1.1 Motivation and problem description

Plants are growing up everywhere around the world and human uses them as
food, seasonings, and medicines. In the history of mankind, we normally do agri-
culture to grow and harvest plants. They are very important to human life, especially
in Thailand where its economy relies heavily on agriculture.

Diseases in plants are one of the major problems which lead to losses in agri-
cultural economy, and by being able to identify the symptom of infected plants
beforehand, we can significantly reduce the risk of economic loses.

Diseases in plants might be caused by pests, bacteria, virus, or nutrient defi-
ciencies. Those are external factors but nutrient deficiencies are internal, which are
harder to identify than the external one. This abnormality leads to much unusual
symptom in plants.

Nutrient deficiencies in a plant can cause a plant to not bloom, fertilize or bear
fruit properly. Fortunately, these deficiencies also lead to unusual appearance on
the plant’s leaves and can be detected visually and it will get more severe with time.
However, it is quite difficult to identify them by naked eyes in the early stage and

even after some period, it still requires an expert to identify the symptom. Different



deficiencies also cause different symptoms appeared on the leaves. Figure A.11
shows the an example of a healthy plant and Fig. A.12 shows an example of unusual
appearance when a plant lacks some certain nutrients

Symptoms of deficiencies in each nutrient are summarized as follows:

e Lack of calcium (Ca): A leaf turns into yellow and white dots are presented

in young leaves. The plant will grow slower than usual.

e Lack of iron (Fe): Young leaves turn into yellow and plant grow slower than

normal because iron is very important in photosynthetic reactions.

e Lack of magnesium (Mg): Young and old leaves at the bottom of the plant

contain yellow mottling apex brown, and brown mottling on the leaf margin.

e Lack of nitrogen (N): The plant has small pale green, pale yellow leaves. The
symptom appears first in older leaves. Young leaves still have green color but

the size is small.

e Lack of potassium (K): Yellowish-white mottling occur in the area close to
the vein and the margin of a leaf. The leaf will turn into reddish-brown in the

last stage. symptom occurs from the bottom to the top of the plant

Figure 1.1: Examples of a healthy plant’s leaf.



(d) Potassium deficiency (e) Nitrogen deficiency

Figure 1.2: Examples of unusual appearance when a plant lacks some certain
nutrients.

There are some methods used for nutrient deficiency identification and it can be
categorized into two types which are destructive and non-destructive methods. Plant
tissue analysis is one of the method used. It is a destructive method that requires
a leaf sample from a plant in order to extract the nutrients by using a chemical
process which takes long time. It also requires an expert to interpret the result.
Furthermore, soil testing is another destructive method which uses a soil sample
around the targeted plant instead of its leaf. The non-destructive method requires
less physical contact and leaves no damage on a plant. For example, using plant
nutrition analyzer is a non-destructive method. It is an instrument used to pinch on
a leaf. The device then analyzes the deficiencies in the plant. The disadvantage of
this method is that it can only detect the deficiencies in nitrogén and chlorophyll
[1]:

Another non-destructive method is to use computer vision. In computer vision,
only images of a plant’s leaf are required. In other words, computer vision approach
visually identifies the deficiencies. Visual features of a leaf are used to classify

it to be in each class of deficiencies. The features can be manually designed or



automatically built from training. The former requires a domain expert to select
the features to be used for the classification to be effective. The latter requires no
expertise but needs a lot of training example to train the machine. To classify the
plants, various machine learning algorithms are used. However, it is still in the early
stage of the research, thus, there are some proposed methods related to this, but the
achieved accuracy is still quite far from practical. There are several related works
concerning computer vision approach to plant disease identification which will be
discussed next.

In 2015, Mokhtar et al. [14] developed plant disease detection in tomatoes using
Gabor wavelet transform to extract relevant features in a tomato’s leaf image. Then,
they use support vector machine (SVM) with different kernel functions to detect and
identify diseases on the plant. Kernel functions used in SVM are Cauchy function,
Invmult function, and Laplacian function. In 2016, Rangel et al. [10] developed
grapevine potassium deficiency diagnosis using image processing approach. The
process is done by taking a leaf image and applying pre-processing to it. Then,
pre-processed images are classified into three classes which belong to background,
healthy tissues and reddish tissues. After that, they use information from healthy
and reddish tissue classes to calculate Euclidean distance between points and class
centroid and use the ratio between the total leaf area and the reddish tissue area for
classification.

There are still many approaches that can be used to solve this kind of problem
apart from the literature such as genetic programming and convolutional neural net-
works (CNNs) that might give better result. For example, CNNs which are proved
to give an outstanding accuracy in other recognition tasks might also give good
result in this field.

For this project, we would like to develop recognition systems which classify
deficiencies in a plant using representation learning which will automatically build

features to be used for classification. In the system, there are two components



namely, a recognition subsystem on a server and a mobile application. The recog-
nition subsystem takes a leaf image as an input and the output will be the indication
of a nutrient that the plant lacks. The mobile application is used to send input im-
ages to the server. It takes a leaf image and filter out the background region before

sending it, receives the result back and displays on the screen.

1.2 Objectives and scope of work

The objectives for the project are as follows:

1. To develop plant nutrient deficiency classification system which takes a plant’s

leaf image as an input.
2. To develop a classification system using representation learning approach.
The scope of the project is listed as follows:

1. The input to the system shall be an image taken in a controlled environment;

the background region is dark.
2. The system is to be tested with Vigna Mungo (Black gram).

3. The system shall classify an input leaf image to be deficient in nitrogen, phos-

phorus, potassium, calcium, iron, magnesium or be complete.
4. The recognition subsystem assumes no background background region.

5. The system assumes only one deficiency presented in the plant.

1.3 Structure of the thesis

The thesis is organized into five chapters The second chapter provides back-

ground knowledge needed to fully understand the thesis. In chapter three, methods



that are used to implement the system are explained, it covers the research meth-
ods, dataset and environment involved within the system. The experiments will be
explained in chapter four. There are seven experiments that was done for parameter
configuration , measure selected algorithm and approaches. Chapter five consists of

the conclusion and summary part of the thesis.



Chapter 2

Background knowledge

In order to fully understand the explanation of the next chapter we first provide
the background knowledge needed. This chapter is separated into two parts. The
first part explains about computer vision and image processing in general. The other
part describes feed forward neural network and a more specific architectures used

in the system.

2.1 Computer vision and image processing

Computer vision is a field which deals with the understanding and interpretation
of digital images. In general, it seeks to mimic human ability of analyzing real
world information which comes in the form of images in order to extract symbolic
information and make decision. Most of the computer vision tasks are concerned
with recognition such as object recognition, identification or detection.

Image processing is an operation to transform the representation of images in
order to extract more information for human perception or to be more suitable for
machine interpretation. Digital image processing is used by computers to alter dig-
ital images such as image enhancement, image restoration, and image segmentation

. Image enhancement is a process to enhance relevant information on a image and



make it more meaningful for a certain application. image restoration is a process to
restore damaged image, image segmentation is used to extract or segment a region
of interest out from the whole image [13]. Figure 2.1 shows an example of image
transformation using techniques in image processing. The left hand side is a color
image in RGB color space and another is the image after applied Sobel algorithm

which is an edge detection algorithm.

Figure 2.1: Edge detection using Sobel algorithm.

2.2 Active contour model

Image segmentation has a role in computer vision and image processing to ex-
tract or annotate the interested region or objects from background. Image segmen-
tation technique used in the system is active contour model or usually called snake
(see [8]). Snake uses energy minimization technique where the energy is guided by
external constraints and influenced by forces that originated from edges and lines.
The goal of active contour model is to find the best approximate to the perimeter of
an interested object. The process of active contour model requires some inputs that
must be used. These inputs are an input image itself and an initial contour that is
drawn by the user or set by the application. Then the snake starts attracting towards
the target. As stated earlier that snake is a technique that is based on energy mini-
mization influenced by constraints and image energy. There are two types of energy

namely internal and external energy resisting each other. This can be represented as



an energy function as follows:

E = /(aEcont + BEcury + '}'Eimage)ds, 2.1)

where Econs, Ecury and Ejpgge are energy terms that occur on the contour, where
Econt> Ecurv are energy inside the contour and Ejjqge is an external energy. Variable

o, B,y represent relative weights influencing each energy term.

2.2.1 Continuity energy (Econ)

It is an internal energy controlling the contour to be continuous. This energy
forces the contour to be membrane-like which helps snake to attract to straight lines

easier. The energy can be calculated as

T b2 prodit2, 2.2)

where p; are points on the contour and 1 < i < c. The energy alone minimizes
the distance between two points and causes the contour to shrink. The better way
to calculate the energy is by subtracting the distance between two points from the

mean distance as follows:

Dy (d_—‘ pr e pi—l”)z- (23)

In this way, two points are kept equally apart from each other.

2.2.2 Curvature energy (Ec,)

Curvature energy controls the smoothness of the contour. The energy eliminates

oscillations and keeps the contour smooth. The curvature energy is calculated as

Eourn= ||Pi—1 —2Pi+Pi+1||2- (24)



2.2.3 TImage energy (Einqge)

Image energy is used to attract the contour towards the nearest target boundary.

The energy can be calculated from

Eimage = —||AI||?, (2.5)

where the A/ is a gradient of intensity in each snake point. The reason that Eq. (2.5)

is negative is because it is an external force resisting the previous two energies.

2.2.4 Discrete formulation

In order to do a computation of the energy function on a computer, we use

summation of estimated points in the contour to approximate the integration.

N
E = Z OiEcon + ﬁiEcurv e YiEimage (26)

i=1
During the iterative process, snake stops altering a point if it moves less then a
threshold. It also stops if the number of iterations exceeds the maximum number of

iterations. The procedures of the technique is shown in Algorithm 1.
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Algorithm 1 Snake algorithm
MAX_ITERATION =20

MIN_MOVED_POINTS =5

current_iteration = 0
count_moved_points = 0
repeat
for each point p; in a contour do
for each point in block size 15 x 15 which pj; is the center point do
Find Econtinuity, Find Ecyryarure and Find Ejmgge
end for
Normalize Econtinuiry, Normalize Ecyryarure and Normalize Ejpage
min_energy = INT_MAX
new_min_energy_point = p;
for each point p in block size 15 x 15 which p; is the center point do
Find Egpake(p)
if Eui.(p) < min_energy OR (Eguare(p) = min_energy AND p is
the center point) then
new_min_energy_point = p
end if
end for
if p; # new_min_energy_point then
pi = new_min_energy_point
count_moved_points = count_moved_points + 1
end if
end for
Update B(s)’s value
current_iteration = current_iteration + 1
until current_iteration < MAX_ITERATION AND count_moved_points
> MIN_MOVED_POINTS

11



2.3 Feedforward neural network

Feedforward neural networks, also known as multilayer perceptrons (MLPs),
are essential to machine learning nowadays. It is originated in the study of math-
ematical representations of information processing in biological systems [2]. An
MLP composes of neurons or nodes each representing a variable in the network
organized in layers. Information flows from the input layer through the network to
output layer. Each node output its value to the connected nodes in the next layer with
some weight parameters. The first and the last layer contains input and output vari-
ables respectively. The intermediate layers are called hidden layers. A single hidden

layer MLP is depicted in Fig. 2.2. The variables X = [x1,x,], A’ = [d},db,...,d}]

is a vector of outputs of each node and O = [0}, 0}, ...,04;] is a vector of activated

output of each node in layer / having N nodes defined as
o' = f(A), @7

where f(x) is a nonlinear activation function which is used to transform the output
in a nonlinear fashion which will be explained further shortly. A weight connecting
the " node in layer [ to the j' node in layer [ + 1 is represented by an element wf ;

of weight matrix W.

12



Input layer Hidden layer Output layer

Figure 2.2: Single hidden layer feedforward neural network.

The output value of each node is computed by summing the weighted outputs
from the previous layer and is defined by

M
of =Y wi al+b, (2.8)
i=0

where M is the number of nodes in layer / — 1 and bi. is a constant weight called bias
for 03. Note that af is equal to x; for the case of / = 1 and of is the prediction for class
i if [ is the last layer. Once the output is computed, it is then passed to an activation
function which has to be chosen from various functions. The most widely used
non-linearity today for activation function is rectified linear unit (ReLU) defined in
Eq. (2.9) [11].

f(x) = max(0,x) (2.9)

2.4 Convolutional neural network

Convolutional neural networks (CNNs) are a variant of neural networks which
are specifically used for data that comes in a grid-like form such as sequences and
images [4]. The term “convolutional” comes from the fact that CNNs perform con-

volution operation(at least for one layer) instead of normal weighted sum as in MLP

13



from the last section.

Convolution operation is a way to compute weighted sum in which a set of
weights, called a kernel or a filter, is shared between local patches in the input. For
2D discrete data such as digital images, a convolution of input / with a kernel W of

size K x K is defined as

O(m,n) = X (m,n) *W(m,n)
am o (2.10)
Y, WG HX(m—in—j).
=

In general, a CNN is organized as stages where the early stages comprises two
types of layers namely convolutional and pooling layers [11]. Nodes in a convolu-
tional layer are organized planes called feature maps as in Fig. 2.3. In convolutional
layer, inputs are convolved with a set of weights called a filter to produce the output
feature map which contains certain features. Different inputs are convolved with
different filters. Also, an input is convolved with several filter banks to extract dif-
ferent features. For example, in Fig. 2.3, there are three filter in a filter bank in the
first convolutional layer since there are three feature maps in the layer. The resulting

feature maps are then passed to a non-linear funciton such as ReLU.

Input

Output
predictions

Figure 2.3: Convolutional neural network.

Conv#1 Pool#1 Conv#2 Pool#2 Fully connected

.............

After an activation function is the next layer, pooling layer. In pooling layer,
values of small areas in the input are statistically summarized into one unit in the
output. Various types of pooling might be used. For example, max pooling outputs

the maximum value within the area, average pooling outputs the average of the

14



values. The stage are repeated two to three times followed by more convolutional
layers. The last stage contains several fully connected layers and eventually output

layer showing predictions for each class.

2.5 Model training

A neural network is trained using back propagation and gradient descent algo-
rithms. In back propagation, chain rule in derivative is used to calculate gradient
of the error function with respect to each parameter and the weight parameters are

then adjusted accordingly using gradient descent.

2.5.1 Back propagation

The algorithm progresses by propagating the error or cost back from the output
through the network to compute the gradient. The cost function E is usually chosen
to be half of the difference between the expected output and the actual output as

shown in'Eq. (2.11).

E Y (i—ap)?, (2.11)

icout
where #; is the label and a,l-“ is the actual output prediction for class i. We first give
the example of a back propagation in a fully connected layer. The network is shown
in Fig. 2.4. The value in the left side of a node is a weighted sum of the nodes
in the previous layer and the value in the right side is the output of passing it to
ReLU. The objective here is to achieve a partial derivative of the error function with
respect to each weight parameter in the network. Using chain rule, the equation for

the gradient is as shown in Eq. (2.12).

I



Input layer Hidden layer Output layer

Figure 2.4: An example of back propagation in fully connected neural network In
back propagation, error flows from the output layer on the left through the network
to the input layer in order to compute the gradient of the error function with respect

to each weight parameter
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(2.12)

where w} ; is the weight connecting the " node in layer / to the j" node in layer

[+1, 0! is the value of node j in layer [ and a/; is the activated version of o; defined

as ai- = ReLU(oi-) = max(0, 09-). Each component of Eq. (2.12) can be calculated as

follows:

IE Zo,ezﬂwfjlaiﬁﬁl%L
— I (2.13)

aa[' e aZu,leL(Iﬂ_H{r)z )
| Lt et =L
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do do;
- (2.14)
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Next, we give an example of back propagation in a convolutional layer. The
nodes in a convolutional layer is passed to a non-linear function such as rectified
linear unit for this case and is typically followed by a pooling layer which is chosen
to be max pooling in this case. Only the nodes presented in the pooling layer are
used to calculate the gradient of the weight parameters. The weight gradients are

calculated as in the following equations:

ZZ oE O,J
doy
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(2.19)

where W' is a filter a in convolutional layer /, O' is a feature map after convolution.

Substitute Eq. (2.19) in Eq. (2.18), we get Eq. (2.20).

JE JE 14
e L St 11841 (2.20)

ay y epool! % j

2.5.2 Gradient descent

Once the gradient of the error function with respect to each weight parameter
is computed, the weights are adjusted using gradient descent as in the following
equation.

JE
A FRW SN, _all (2.21)

i:j L) a 1
W .
L,J

w

where « is a predefined learning rate. All the weight parameters are adjusted itera-

tively until convergence.

2.6 Convolutional neural network variants

There exist numerous variants of convolutional neural network models with dif-
ferent specialization. Some of the models widely known for good performance on

object recognition tasks are LeNet and AlexNet which are covered in this section.
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2.6.1 LeNet

LeNet was introduced as a convolutional neural network model specialized in
classifying handwritten characters [11]. It comprises two alternation of convolu-
tional and max-pooling layers followed by two fully connected layers as shown in
Fig. 2.5a. The model uses a sigmoid function as an activation function for each
layer accept the output layer which uses a Radial Basis Function (RBF). The output

response y; for each class i is defined as

vi=Y (xj—wij)?, (2.22)
J
where x; is an output of a node j in the layer before output and w; ; is a weight

parameter connecting the two nodes i and j.

Output

Image Conv#1 Pool#1 Conv#2 Pool#2
predictions

Fully connected

(a) LeNet
Image Conv#1 Pool#1  Conv#2 Pool#2 Conv#3-5 Pool#3-5 Fully Output
connected#1-2 predictions
= F ot
J—i‘ :3-_1: ‘u_":‘l o
4 rjEr_ S T'—l —T O
A : S

(b) AlexNet

Figure 2.5: Overall architecture of LeNet and AlexNet models (a) LeNet composes
of two alternation of convolutional and pooling layers followed by two fully con-
nected layers. (b) AlexNet comprises two alternation of convolutional and pooling
layers followed by two convolutional, a pooling, and three fully connected layers.
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2.6.2 AlexNet

AlexNet is widely known for outstanding performance in ILSVRC (ImageNet
Large Scale Visual Recognition Competition) in 2010 [9]. In general, the network
consists of three alteration of convolutional and max-pooling layers followed by two
convolutional and three fully connected layers as shown in Fig. 2.5b. The unique

features of the model is briefly presented as follows:
e ReLU — An activation function used is ReLU.

e Local response normalization — Normalization scheme used for better gener-

alization. It is applied to each activated output of each node after the first two

L

pooling layers. For each activated output a;;,

defined as

its normalized response by ; is

O F minN~Litn/2) B
bij=aj/ | k+a % &) B (2.23)
Jj=max(0,i—n/2)

L

where 7 is the number of adjacent filters used to normalize a; ¥ N is the num-

ber of total filters in the layer, and k, o,  are predefined parameters.

e Overlapping pooling — For pooling layers, each position of a pooling window

overlaps.

The model also employs a overfitting prevention technique used called “drop
out”. When training with dropout, each hidden node has a chance, with probability
0.5, to be assigned with zero as output in a forward pass.This lets the output created

by the network in each forward pass be produced with different architectures.

2.7 Extreme learning machine

Extreme learning machine (ELM) , proposed by [6], is a learning procedure for

a single hidden-layer feed forward neural network (SLFN). Instead of using iterative

20



algorithm such as back propagation to learn the weights of the network, it uses an
analytical method to compute them by formulating the network computation as a
matrix equation with zero error and computing the weights by using matrix inverse.

In general, feed forward neural network with traditional learning procedure con-
sumes a lot of time due to the gradient-based cost minimization methods. Also, the
parameters in the network need to be iteratively adjusted. ELM overcomes the dif-
ficulties in iterative learning methods by randomly generating the input weights and
the hidden layer biases and analytically calculate the output weights using matrix
inverse. A SLFN is shown on Fig. 2.6 where we have X = [x],x7,x3] as an input
feature vector to the network, z; = g(xW7 ) is the activation function of the hidden

layer neurons, by,b,, b3 are hidden layer biases,
W) e 2 W3

W= lwa wan wyl; (2.24)

w31 W32 Wiz

Bii Bz PBi3
B=1Bn B Pl (2.25)
Bs1 B2 B33

are weights to be applied to the input vector and output from the hidden layer re-

spectively.
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Figure 2.6: Single hidden-layer feed forward neural network. The left most layer
is the input layer where a feature vector is fed to the network. The middle layer is
the hidden layer where the feature vector is multiplied by the weights of the hidden
layer and added by the bias terms

With N samples (x;,#;) where x; = [xi1,%p, -+, Xin) T, ti = [t;1,4:2, -+ ,t;m] T and
i=0,1,2,--- N, hence the network with n input and m output neurons, an SLEN
with M hidden neurons then could be mathematically described as the following

equation for each jth training sample:

o

I

73
g(W,'Xj +b,‘)ﬁl~ = 0j, {2A26)
l
where w; = [w;1, w2, - ,wiy]! is the weight vector from the input neurons to the
ith hidden neuron and B; = [Bi1, B, - ,Bim)’ is the weight vector from the ith
hidden neuron to the output neurons b; is the bias term of the ith hidden neuron
and 0j = (01,02, - ,on] is the actual output for the jth sample. To have zero error

meaning there are values of f3;,b;, w; satisfying

M
Zg(w,xf%—b,-)ﬁ,- =t (2.27)
i=1

where t; = [t;,10,- - ,ty] is the label for jth sample. Eq. (2.27) can be written as a

matrix equation as HB = T , where
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T = : (2.28)
T
tN Nxm
T
1
p=[: : (2.29)
T
'BN Mxm
gwixi+b1) - g(wmxi+by)
H = : : : (2.30)
gwixy+by) - g(wyxy+by)

Mxm

The matrix H is called the hidden layer output matrix of the neural network. ELM
simply random initial values for matrix W so that matrix H can be calculated. Once

H is known, the learning procedure seeks to find matrix B by solving equation

B=H'T, 2.31)

where H™ is a Moore-Penrose generalized inverse of H. W and B are then used as

weights that produce zero error for the whole training data.
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Chapter 3

Methodology

In general, the system functions by letting the user use a mobile application to
take a photo of a leaf of interest. The application then sends the image to a server to
‘be processed. The server then classifies the deficiency presented in the input image

and send the result back to the mobile application. The overall process is depicted

in Fig. 3.1
—{ Server

Mobile _-—:> RESTful LN/ Recognition

application e, service /| component

Figure 3.1: Overview of the system processes.

Detailed methodologies applied in developing each component of the proposed
system is explained in this chapter.The chapter is subdivided into three parts which

are mobile application component, server component and recognition component.
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3.1 Mobile application component

A mobile application called DeficiencyDetector is responsible for letting the
user take a leaf image and send it to the server to be processed by recognition
component. Figure 3.2 shows the first page of the mobile application, which is used
to acquire a leaf image from the user. After an image is obtained, the application

proceeds to the image segmentation process.

= DeficiencyDetector

Please Take or select a photo of a leaf

Figure 3.2: The first page of the mobile application.

The user must draw a contour around the leaf of interest in order to segment it
from the background. Figure 3.4 shows an example of initial contour drawn by the
user. The segmentation technique used in this application is active contour model

which is often called snake. Figure 3.3 shows the result of segmentation process.
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Figure 3.3: The example of result in segmentation page of the mobile application.

After the segmentation process is completed, the mobile application shows the
result of the segmentation and allows the user to adjust the points around the bound-
ary of the interested leaf in order to help the segmentation algorithm in case the
drawn contour does not match with the actual leaf. Figures 3.5 and 3.6 show exam-
ples of the result in each iteration of adjusting the contour. The user can decide to
run the segmentation again or send the segmented image to the API service which is
a RESTful service. RESTful service is a way to provide information or data through
the Internet. This allows a client to access information by using uniform or prede-
fined request methods or usually called “HTTP verbs”. Normally, REST responses
with data format such as JSON, HTML or XML back to the client after receiving a

request.
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(a) 1* time segmentation (b) 2™ time segmentation (c) 3" time segmentation
g g g

Figure 3.5: Example of interactive active contour model segmentation.

Figure 3.6: Example of the result to be sent to the server.
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3.2 Server component

This component is responsible for handling application requests. Server compo-
nent or API service allows the application to upload a background segmented image
to be processed and returns the result using a RESTful service. The method path

that API allows mobile application to upload image is
recognition/upload/image,

where the method and input required are POST and segmented images respectively.
After the application uploads an image to the server, the server passes the image to

the recognition component. The process is shown in Fig. 3.7.

|

Save uploaded image

|

Send command to
recognition component

l

Save output of
recognition component

L4

Read output file

Response error
status_code (500)

Check
has error

[False]

Response result with
status_code (200)

)

End

Figure 3.7: Flowchart of overall operations after an image is uploaded.
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In Fig. 3.7, the server saves the uploaded image and sends it to the recognition

component by using command line code as follows:

"executable file in .exe" "arguments" > "outputfile in .txt"

The command line code lets the system run the executable file and records the
output to a text file. After that, the server reads the output file and check for errors.
If there is an error, the status code that response to user will be 500 (Internal Server
Error). If no error occurs, this component responses the result and status code 200

(OK).

3.3 Recognition component

Recognition component is responsible for the classification of leaf images fetched

from the mobile application. Overall, there are three steps as follows:

e Block extraction — An input image is divided into small blocks. They are

then fed to block decision maker.

e Block decision making — All blocks are labeled with their corresponding

deficiency classes.

e Leaf decision making — All block labels are used to make the final decision

regarding the deficiency of the whole leaf image.

The overall process is shown in Fig. 3.8.
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Figure 3.8: Flowchart showing overall process of recognition component.
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3.3.1 Block extraction

Each input leaf image is first divided into blocks of size 64 x 64 pixels. The
extracted blocks contain no background region. The reason for using blocks instead
of the whole leaf image is that the number of leaf images used for training is not
enough to cope with the variety of leaf shapes and sizes. Using blocks instead of
the whole leaf image helps the classification to be less dependent of leaf shapes
and sizes.Fig. 3.9 shows an input leaf image divided into blocks and blocks that are

qualified to be fed to the next process (highlighted blocks).

Figure 3.9: Pre-processing is done by subdividing an input image into blocks of size
64 x 64 pixels containing only leaf regions. Only the highlighted blocks are fetched
to the network.

3.3.2 Block-level decision making

After the input image is divided into blocks, the blocks are then fed to a one-vs-
all classifier to determine the deficiency presented in the block. The overall process

is depicted in Fig. 3.10

31



One-vs-all classifier

In one-vs-all classifier, a block is fed to a set of binary CNN. A binary CNN is
a convolutional neural network that only focuses on one deficiency class which will
be explained in Section 3.3.2. There are in total of six binary CNNs corresponding
to each deficiency class. Each of these binary CNN will yield a probability that
the input block belongs to the corresponding deficiency class. After that, the block
will be associated with six probabilities indicating how probable the input block is
deficient in each class. These probabilities are then used as features of the block and
are fed to a multilayer perceptron (MLP) trained with ELM to make a final decision

about the deficiency of the block.

Block-level decision maker

Block-level decision maker
Healthy binary CNN

1
. .
| \

Fully
CNN
connected P( Healthy )
_5 -Calcium binary CNN
i g M
i :-_-‘ Full >
=2 B x CNN < con:ecyted P(-Ca) L
| < P
= o ;
,_< & -Potassium binary CNN
»
Il
Calcium CNN . o i
deficiency leaf

Block-level decision maker

. Block-level decision maker

Figure 3.10: Overall process of block decision making which consists of a set of six
convolutional neural networks and an extreme learning machine




Binary convolutional neural network

Binary CNN classifier is a convolutional neural network which only determines
that the input block belongs to the interested class or not. It is implemented us-
ing Caffe framework [7]. However, hyperparameters of the network needs to be
manually configured.

Common strategy of designing a network architecture is to start with the exist-
ing well-known architecture and tune them to be suitable for the data. There are
numerous existing CNN architecture for image recognition task. Some of them are
well known in object classification such as GoogleNet, Microsoft ResNet, AlexNet.
All these architectures win ImageNet competition which is an object classification
competition using images from huge dataset with 1.4 million high resolution im-
ages over 1,000 categories. The convolutional neural network used in the proposed
system was initially based on AlexNet. The reason to use it is because the architec-
ture performs well in object classification and its size is smaller comparing to the
other networks. However, it still needs modification and configuration for making
it perform well for the system. Fig. 3.11 shows the system’s network architecture,
it consists of three convolutional layers with filter size of 11, with no padding and
stride. The second layer uses a filter of size 5, 2 pixels padding and no stride. The
last convolutional layer has the same parameter as the previous layer. There are also
two pooling layer after the first two convolutional layers with the same parameter
setting which is filter of size 3 and padding 2 pixels. The last three layers are fully
connected layers. The first two each consists of 2,048 neurons. and the last layer is

an output layer with two neurons.
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Image’s block Conv#1 Pool#1 Conv#2 Pool#2  Conv#3 Fully Output

connected#1-2 predictions
oo Cae— e
Filter size: 11x11 Filter size: 3x3 Filter size: 5x5 Filter size: 3x3 Filter size: 3x3 #nodes: 2048x2 #nodes: 2
Padding: 0 Padding: 0 Padding: 2 Padding: 0 Padding: 1
Stride: 2 Stride: 2 Stride: 0 Stride: 2 Stride: 0
#filters: 96 #iilters: 256 #filters: 384

Figure 3.11: Network architecture and layer’s parameter for every binary CNN.

Network training

After the architecture and hyperparameters of the neural network are properly
configured, the network then needs to be trained with the prepared data set in order
to learn the features of deficient leaves in each nutrient. Most of the existing neural
network models initialize weight parameters with Gaussian or uniform distribution.
The network is trained in a supervised fashion using back propagation as explained
in section 2.5. The training is done by feeding input images with a label indicating
the expected output from the network. The network uses these label information to
adjust weights.

The whole dataset is separated into three categories which are training set, vali-
dation set and testing set. Training set contains samples used for actually tuning the
network parameters. Validation set is used to measure generalization performance
during training process. Testing set is used for measuring accuracy for the trained
network. Fig. 3.14 describes process flow for network training. Before feeding an
input leaf image into the network, a preprocessing step is required. The image is
first divided into blocks as in Section 3.3.1. Each block is then analyzed and only
the blocks with deficiency symptoms are used to train each binary CNN (except for

the one that classifies healthy blocks).
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(a) Original block (b) After Mapping  (c) After thresholding  (d) After opening

Figure 3.12: Example of a deficient block in each process of the histogram
analysis.

Fig. 3.12 shows an example of an image being in each stage of the histogram
analysis. To analyze each block, a histogram analysis method is used. A histogram
is formed from hue channel of 100 healthy leaves’ block images taken in the first
day. It is used to model the distribution of healthy leaf’s color. The number of
bin in the histogram is set to be 26. The hue value of each block image being
processed is then mapped with the value in the corresponding bin in the histogram
as in Fig. 3.12c. Histogram bins having relatively low value should be considered
as noises and eliminated. Hence, the pixels which fall below a threshold value,
meaning it is quite different from the model, are set to zeros (absolute black). The
threshold T is calculated as follows:

_ hithig

Il
2

@31

where h; is the number of samples in the last bin i having value less than 5% of
total values in the histogram. To give an example for this, suppose that a histogram
in Fig. 3.13, having total values from all bins equal 2.4792, is obtained from the
training images. A threshold value is calculated by first constructing a cumulative
histogram. Then , in the cumulative histogram, let i/’ bin be the last bin having value
less than 5% of all the last cumulative bin which equals 0.05 x 2.4792 = 0.124.

The " cumulative bin in this case is the red bin in Fig. 3.13b which has a value of
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0.0701. Threshold T is then calculated using /; and h;;1 from the corresponding
i'" and (i+ 1)’h bins, which are the two green bins in Fig. 3.13a, of the normal
histogram as in Eq. (3.1). Therefore, we have T = QL;O'IOA = 0.0856 which is a
red line in Fig. 3.13a.

Following, opening morphological operation with a rectangular structure of size
5 x 5 is applied to the thresholded image.The effect of the process can be seen in
Fig. 3.12d. If the portion of zeros in the resulting block image is less than 10%,
the block is considered normal. Normal blocks will be discarded and will not be
used for training. For example, a portion of black pixels in an image in Fig. 3.12d
is 27%. Therefore, it is considered a deficient block and will be used for training.

After that, the system feeds each preprocessed image to the neural network.
Then the network compute the values for each output node based on the input im-
ages. The process is called forward pass. Gradient values are computed from the
output nodes. Then the weights are adjusted based on these gradient values. The

entire process repeats until all images are fed into the network.
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(a) Original histogram

(b) Accumulative histogram

Figure 3.13: Example of a histogram used in histogram analysis.

Block labeling

For each block, the probabilities acquired from the six binary CNNs are fed
into an MLP to determine the block’s final deficiency class. Each block is labeled
is labeled with the result from the MLP. The MLP has six input nodes for each
probability, seven hidden nodes, and six output nodes for each resulting prediction
of deficiency class.

The blocks used to train each binary CNN are passed into each binary CNN
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to obtain their six probability values. The MLP is trained using these probability

values.

3.3.3 Leaf-level decision making

Once each block in a leaf is labeled with a deficiency class, the whole leaf can
now be classified. To be invariant from number of blocks in a leaf, the features used
to classify a whole leaf are portions of labels on each block in the leaf. The features
of each leaf are fed into an MLP with six hidden nodes and six output nodes for
each deficiency class to be predicted for the leaf. The result from the MLP is the
final prediction of the deficiency class of the input leaf and will be send back to the
mobile application

The MLP is trained with ELM using labels’ portions of each leaf formed by

training blocks from Section 3.3.2.
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Figure 3.14: Flowchart of network training process of the CNNs.
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Chapter 4

Experiments

Many experiments have been conducted to evaluate the methods proposed in the
previous chapter and to select the most appropriate configurations for the system in
a reasonable way. This chapter describes in details the objectives and processes of

each experiment.

4.1 Dataset

The dataset from Computer Vision laboratory (see appendix A), International
College, King Mongkut’s Institute of Technology Ladkrabang, has been used in the
experiments. In the dataset, there are 3,463 leaf images taken using DSLR camera
and categorized into six classes which are nutrient deficiency in calcium (-Ca), iron
(-Fe), magnesium (-Mg), potassium (-K), nitrogen (-N), and healthy. Each class of
leaf images consists of 10 plants observed in 28 days. The distribution of the leaf
images of each plant for each class is shown in Table 4.1 .The resolution of the
images is 1296 x 864 pixels. Each image contains a leaf in the center. After all
images were taken, the background region in each image was segmented out and
replaced with black color using photo editor software. The example of the back-

ground segmentation method is depicted in Fig. 4.1. Table 4.2 shows the number of
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images in the dataset. The dataset is separated into two types, old leaves and young

leaves which are leaves from the lower and upper part of the a plant, respectively.

Figure 4.1: The original image (left) before background segmentation and the same
image (right) after background segmentation

Table 4.1: The distribution of leaf images from each plant for each deficiency class

ol Plant number

1 {72 E3Y WD <Ebd (R UL, 8/ 2R, 0B 13619
Healthy 54 52|54 (52|50 |50|54 |54 (52|47 53|53
Calcium (-Ca) 40 |24 | 22 140 |40 | 18 | 40 | 40 | 50 | 51 | 47 | 54
Iron (Fe) 54 149 | 54 | 51 |48 | 54 | 28 | 52 |52 | 47 | 54 | 48
Magnesium (-Mg) | 46 | 39 | 52 | 54 | 50 [ 53 | 54 | 53 | 41 | 52 |45 | 54
Nitrogen (-N) 54|53 |53 (46|54 |44 |54 |50 |50 395047
Potassium (-K) 54 |54 |54 |54 |54 5445|4650 |52 |54 |54
Phosphorus (-P) 54 |53 |52 |53 (53|34 |51 |53|48 |46 |49 |48

Table 4.2: The number of leaf images in the dataset.

Nutrient deficiency Aumbe of Luas

Old leaf | Young leaf | Total
Healthy 305 320 625
Calcium (-Ca) 230 236 466
Iron (-Fe) 291 300 591
Magnesium (-Mg) 300 293 593
Nitrogen (-N) 290 304 594
Potassium (-K) 309 285 594
Total 1,725 1,738 | 3,463
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4.2 Measure

The experiments use the following measures as indicators of the classification

performance.

e Accuracy — used as the overall indicator of the performance but it does not

give much information of the classifiation

e Precision — used to measure how precise the prediction is. In other words,

how reliable the output prediction is

e Recall — used to measure how much can the classification correctly predicts a

certain class
e F-measure — combines precision and recall for easier evaluation
The measures are calculated as follows:

t

accuracy = ]TI;’ 4.1
i 7 (4.2)
recision = ; !
5 t+ fp
Vi
recall = —2 ) 4.3)
ty+ fu

where N is the number of all test samples, 1,,, f,, f, are true positive, false positive

and false negative results respectively.
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4.3 Experiments

4.3.1 Experiment 1: Six-output CNN classification

Objective

The experiment was conducted to measure the performance of a multi-class

CNN classifier. The overall process of the experiment is depicted in Fig. 4.2.

Multiclass CNN

S | . Fully o

connected
(Healthy, -Ca, -Fe, -K, -Mg, -N)

Figure 4.2: The flow of process in six-output CNN classification

Experiment Setup

A CNN is used to classify input leaf image. The outputs from the CNN are the
probability of each deficiency class. The class which has the highest probability
is assigned to the input image. The first step is to do preprocessing on each input
image. Then resulting preprocessed data are fed into the network for classification
and the result is evaluated. The parameters of the network and preprocessing are
explained in the rest of this section.

Preprocessing: Before feeding the dataset into the network, it requires some
preprocessing. This process divides a leaf image into small blocks which contain
only leaf area without black background. The size of each block is 64 x 64 pixels
as the shaded grid in Fig. 4.4. An example of a block is shown in Fig. 4.3. Ta-
ble 4.3 states the number of blocks for each nutrient deficiency. All of the following

experiments use these blocks as inputs.
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Figure 4.3: The original image (left) before applying preprocessing and a cropped
image (right).

Table 4.3: The dataset after cropped images.

Nutrient Deficiency | Quantity (blocks)
Healthy 11,110
Calcium (-Ca) S821
Iron (-Fe) 11,094
Magnesium (-Mg) 9,995
Nitrogen (-N) 11,464
Potassium (-K) 10,550
Total 59,534

Convolutional neural network architecture and parameters: Figure 4.4 shows
network architecture and definition of each layer which is used in this experiment.
This network is similar to AlexNet’s architecture. Only the first layer’s filter size
is different since AlexNet uses an input image of size 256 x 256 and the input size

here is 64 x 64.

5 Y Fully Output
Image’s block Convi#1 Pool#1 Conv#2 Pool#2  Conv#3-5 Pool#3-5 e predictions

Iy

i o
-t Sft T
Filter size: 11x11  Filter size: 3x3 Filter size: 5x5 Filter size: 3x3 Filter size: 3x3 Filter size: 3x3 #nodes: 4096x2 #nodes: 2
Padding: 0 Padding: 0 Padding: 2 Padding: 0 Padding: 1 Padding: 0
Stride: 2 Stride: 2 Stride: 0 Stride: 2 Stride: 0 Stride: 2
#filters: 96 #filters: 256 #iilters: 384

Figure 4.4: Network architecture and parameters of the CNN used in this experi-
ment
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Parameter setting: Table 4.4 shows several parameters governing the training
process of the network. Batch size is the number of images used to train the net-
work during an iteration. Learning rate is a hyperparameter governing the learning
capability of a neural network. Learning policy is a parameter to reduce learning
rate as number of iterations increases. The policy helps for making the network
running to optimal solution. Weight decay is a parameter used as penalty for large
value of weight. In this experiment, the first plant to the sixth plant are selected as
a training set, the seventh plant as a validation set, and the eighth to the twelfth as a

testing set for evaluating the experiment.

Table 4.4: The learning parameter setting for the network

Parameter name Value
Batch size (blocks) 64
Snapshot period (iterations) 250
Learning policy (type) inverse decay
Learning rate o 0.01
Number of iteration (iterations) 55,000
Weight decay 0.0001
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Training data distribution: The dataset can be divided into six classes. Ta-
ble 4.5 shows the number of preprocessed images that are used to train and test the

network.

Table 4.5: The number of blocks separated into training set, validating set and test-
ing set

Nutrient Deficiency N umberhof olocks
Train | Validate Test
Healthy 5,268 933 | 4,909
Calcium (-Ca) 1,525 434 | 3,362
Iron (-Fe) 5,470 415 | 5,209
Magnesium (-Mg) 4,713 972 | 4,310
Nitrogen (-N) 5,383 1,244 | 4,837
Potassium (-K) 5,228 973 | 4,349
Total 27,587 4,971 | 26,976

Result and discussion

Averaged accuracies of the classifier on each class for the test set are shown in
Table 4.6. The result shows equally low classification accuracy for all the classes
except calcium which achieves a significantly low percentage of correctness. This
experiment also leads to another experiment about a new approach for improving
system performance. Other classes that achieve relatively low accuracy might be

caused by

e The portion of the data in each class is not divided equally because some

symptoms cause leaves to shrink and leads to low number of extracted blocks.

e Images in the dataset were captured in different camera settings which makes

it more difficult for the classifier to learn.

e For all classes of deficiency, the images taken in the early days are quite

similar to each other which leads to difficulty in learning.
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Table 4.6: The classifier results in average percentage for each nutrient deficiency

Nutrient Deficiency | Accuracy (%)
Healthy 21.86
Calcium (-Ca) 7.10
Iron (-Fe) 25.48
Magnesium (-Mg) 32.63
Nitrogen (-N) 30.28
Potassium (-K) 26.50
Average 23.98

4.3.2 Experiment 2: Binary CNN classification

Objective

A new approach is created to solve a problem in the previous experiment. This
time, multiple binary CNNs are used instead of one multi-class CNNs. The objec-
tive is also to evaluate this new approach. The overall process of the experiment is

depicted in Fig. 4.5.

binary CNN

: R CNN — connected P(T I’ )
arget-class

Figure 4.5: The flow of process in binary CNN classifier

Experiment setup

In this experiment, six binary CNNs corresponding to the six deficiency classes
are trained. Each classifier only detects the probability that only one certain nutrient
is presented in the input image. The input to the network is the same as the network
in the previous experiment. The experiment uses the preprocessed dataset from the

experiment one see (Section 4.3.1). Details of the configuration are explained next.
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Table 4.7: The learning parameters are selected setting for every classifiers.

Parameter name Value
Batch size (blocks) 64
Create snapshot (iterations) 250
Learning policy (type) inverse decay
Learning rate o 0.01
Number of iteration (iterations) 20,000
Weight decay 0.0001

Convolutional neural network architecture and parameters: The network
used in this experiment is shown in Fig. 4.6. It consists of three convolutional and
two pooling layers. The number of layers are reduced because the old one was
optimized for more complex data, images of size 256 x 256 pixels, but the system
uses a block with size 64 x 64. With too much layers and small input size, very
deep layers gain no new information and are not able to form new abstract features.
This network also reduces the number of neurons in fully connected layers by half
because the number of weights connected with the first fully connected layer are
reduced. The output of the determines whether a block is deficient in a target class
or not.

Parameter setting: All binary CNN use the share the same architecture and

parameters. The learning parameters of each CNN is shown in table 4.7.

Image’s block Conv#1 Pool#1 Conv#2 Pool#2  Conv#3 Fully Output
connected#1-2 predictions
{5 U=
= = :
LJEL’L “{ *él, Sl i
m W ;
Filter size: 11x11 Filter size: 3x3 Filter size: 5x5 Filter size: 3x3 Filter size: 3x3 #nodes: 2048x2 #nodes: 2
Padding: 0 Padding: 0 Padding: 2 Padding: 0 Padding: 1
Stride: 2 Stride: 2 Stride: 0 Stride: 2 Stride: 0
#iilters: 96 #iilters: 256 #filters: 384

Figure 4.6: The flow of process and network parameter which are used in this
experiment

Training data distribution: The dataset can be divided into six classes. The

number of extracted blocks for each class used to train and test the network is shown
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in Table 4.8. For each binary CNN, each block is only labeled with two classes

which are the interested class labeling as zero and others class labeling as one.

Table 4.8: The distribution of data for each binary CNN

: Training data (blocks) Validation data | Testing data
Binary (I Interested class | Others class | (blocks) (blocks)
Healthy 5,268 5,018 933 4,909
Calcium (-Ca) 1525 1,616 434 3,362
Iron (-Fe) 5,470 5,020 415 5,209
Magnesium (-Mg) 4,713 4,326 972 4,310
Nitrogen (-N) 5,383 5,018 1,244 4,937
Potassium (-K) 5.228 5,020 973 4,349
Total 27,587 26,018 4,971 26,976

Result and discussion

In Table 4.9, accuracies on the test set of each CNN and their corresponding
number of iterations used to train them are shown. The main difference between
this experiment and previous experiment is the number of outputs of the CNNs.
In this experiment, multiple binary CNNs are used to perform classification where
the last experiment uses only one six-classes CNN. This leads to extreme improve-
ment in accuracies. In other words, each binary CNN only answers one out of two
classes in contrast to experiment one where the CNN needs to answer one out of
six classes. Therefore, the accuracies in this experiment cannot be compared with
those in the previous experiment. Since what obtained in from these binary CNNs
are six probabilities of each deficiency class, it is required to make the final decision
regarding the actual deficiency presented in the block using these six probabilities.
Considering only the performance of the binary CNNs shown in Table 4.9, overall,
the accuracies are quite good. The best binary CNN in this case is the one detecting
iron deficiency with a relatively high accuracy of around 80%. The rest of them
perform quite equally well with around 70% of accuracy except for magnesium

classifier which achieves the lowest accuracy of around 60%.
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Some binary CNNs achieve relatively low accuracy comparing to others. The

issue might be caused by:

e Some symptoms do not spread through the entire leaf which leads to incorrect

learning.

e Images in the dataset were captured in different camera parameters which

also leads to inappropriate learning.

There is also another problem with the performance of the network.Fig. 4.7
shows a strange behavior of one of the binary CNN. The graph shows the portion
of true negative (blue line) and true positive (green line) samples obtained from the
classification. The mirroring behavior might be caused from the fact that some de-
ficient blocks are labeled as deficient. However, they do not represent any symptom
because symptom might not occur through the whole leaf. To solve the problem,
only blocks having abnormal region should be used to train the network except for
the one that classifies healthy class which will use the healthy blocks in the dataset

as usual.

Table 4.9: The parameters are selected setting for each classifier

Binary CNN Accuracy (%) | Number of iterations
Healthy 08 250
Calcium (-Ca) 12502 13,500
Iron (-Fe) 80.05 2,500
Magnesium (-Mg) 62.16 10,500
Nitrogen (-N) 73.20 500
Potassium (-K) 68.09 11,000
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Figure 4.7: The network accuracy in each snapshot. True positive percentage is a
blue dot on a graph while green dot represent false negative percentage.

4.3.3 Experiment 3: Binary CNN classification with training re-

gion selection

Objective

New binary CNNs for each target class are trained with a preprocessed data
samples. Also the number of samples are increased by extracting blocks from the
leaf images as overlapping blocks. This is to solve the mirror problem in the pre-
vious experiment. The experiment was conducted to measure the performance of
the newly trained binary CNNs.The overall process is the same as the experiment

in Section 4.3.2 and is depicted in Fig. 4.5.

Experiment setup

Blocks are re-extracted from the leaf images in the dataset. Each extracted block
overlaps with its adjacent block in the leaf image. Before feeding these newly ex-

tracted blocks into each binary CNN for training, all blocks are required to be pre-
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processed with histogram analysis first. This method is used to filtered out blocks
from deficient leaves that appear to be healthy. The deficient blocks that are filtered
out will not be used for training. More details about the histogram analysis method
used is explained in Section 3.3.2. With this reason it makes binary classification
can’t be able to classify blocks correctly. For dataset selection, This experiment
selects 80 percent, 10 percent and 10 percent for training data, testing data and
validation data respectively.

Dataset selection: Some plants are removed from the dataset for this experi-
ment. This is due to different lightning, and the plants conditions. The numbers of

the removed plants for each class are shown in Table 4.10.

Table 4.10: The plant number that has removed for each class.

Class Removed plant no.
Healthy P29
Calcium (-Ca) 2
Iron (-Fe) 10712
Magnesium (-Mg) N/A
Nitrogen (-N) 5,9
Potassium (-K) 5,9

Preprocessing step: As mention earlier in this section, the experiment uses his-
togram analysis to filter out deficient blocks without abnormalities presented. Ex-
amples of the deficient blocks with and without abnormalities are shown in Fig. 4.8.
Blocks are also extracted with size 64 x 64 pixels. The overlapping region is half of
the block size which is 32 pixels. Using overlapping blocks, the number of samples
is significantly increased. Table 4.11 shows the number of preprocessed blocks for

each class.
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(a) Calcium deficient block (b) Iron deficient block (c) Magnesium deficient
with abnormal region with abnormal region block with abnormal region

(f) Magnesium deficient
block without abnormal re-
gion

(d) Calcium deficient block (e) TIron deficient block
without abnormal region without abnormal region

Figure 4.8: Examples of deficient blocks with (first row) and without (second row)

abnormalities. The blocks are labeled as deficient but some blocks do not have
symptom occurred
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(a) Select the block to crop (b) step the block 32 pixels (c) step the block 32 pixels
in first row and select the second block and select the third block

| N
11 TT T 17
1 1

(d) Select the block to crop
in second row by step down
32 pixels

(e) step the block 32 pixels (f) step the block 32 pixels
and select the second block and select the third block

Figure 4.9: Examples of extracting the image block by overlapping the other block
with 32 pixels.

Table 4.11: The number of block samples are used in the experiment.

Nutrient deficiency .Number.of Blocks
Train | Validate Test
Healthy 29,618 0| 6,894
Calcium (Ca) 706 174 258
Iron (Fe) 14,333 3,592 162
Magnesium (Mg) 4,990 592 111,581
Nitrogen (N) 6,123 1,054 | 1,707
Potassium (K) 1,789 674 310
Total 57,559 3,934 | 13,064

Parameter setting: Table 4.12 describes parameter configuration for each bi-
nary CNN. The parameters are quite different from the previous experiment because

the previous experiment uses AlexNet’s proposed parameters for the network but for
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this experiment, they are adjusted to be more suitable with the dataset.

Table 4.12: The selected parameter setting for all binary CNNss.

Parameter name Value
Batch size (blocks) 1
Create snapshot (iterations) 1000
Learning policy (type) fixed
Learning rate o 0.0001
Number of iteration (iterations) | 400,000
Weight decay 0.004

Convolutional neural network architecture and parameters: A convolu-
tional neural network is used in this experiment. The network is the same as in
the previous experiment. The only difference is the increased number of sample
blocks and the preprocessing (histogram analysis) of them. To give an example, as
depicted in Fig. 4.10, with histogram analysis, only the red blocks are used to train

the network.

Fully Output

Image’s block Conv#1 Pool#1 Pool#2 Conv#3
g convi2 connected#1-2 predictions
2l
Filter size: 11x11 Filter size: 3x3 Filter size: 5x5  Filter size: 3x3 Filter size: 3x3 #nodes: 2048x2 #nodes: 2
Padding: 0 Padding: 0 Padding: 2 Padding: 0 Padding: 1
Stride: 2 Stride: 2 Stride: 0 Stride: 2 Stride: 0
#filters: 96 #ilters: 256 #filters: 384

Figure 4.10: The flow of process and network parameters which are used in this
experiment

Result and discussion

The classification accuracy and time used to train the network of each binary
CNN are shown in Table 4.13. In this experiment, there are two models of graphic
cards used which are Nvidia GeForce GTX 960 and GeForce GTX 970. Binary
classification for calcium, magnesium and nitrogen is training with GeForce GTX

970. Using GTX 970 reduces the training time for about 33 % comparing to training
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with GTX 960. For the result, overall, it seems all binary CNNs achieve quite good
performance with above 70% accuracies. The network for healthy class obtains the
highest in all the measures used. Iron classifier is the second best with 74.65% f-
measure. The rest of the classifiers perform quite poorly and receive around 20%
of f-measure except for calcium classifier which achieves even poorer result with
less than 10 % f-measure. Additionally, these low f-measure values resulted from
low recall since all classifiers receive relatively high precision. With additional
preprocessing, classification performance improves significantly. However, it also
leads lack of training samples for calcium and potassium deficiency classes. The
reason for this is that we had quite low number of training samples for calcium
already before applying histogram analysis. For the case of potassium, the symptom
usually appears at leaves’s tips which hardly be extracted out from a leaf image since

we only extract blocks containing no background region.

Table 4.13: The classification performance and training time of each binary CNN.

Binary CNN Precision (%) | Recall (%) | F-measure (%) | Accuracy (%) | Time (minutes)
Healthy 90.80 96.77 93.69 83.64 170
Calcium (-Ca) 64.34 4.31 8.08 70.92 110
Iron (-Fe) 81.43 68.91 74.65 80.08 175
Magnesium (-Mg) 87.84 11.93 21.01 79.51 106
Nitrogen (-N) 59.68 17.14 26.63 79.62 104
Potassium (-K) 84.13 11.49 20.22 73.98 174
Average 78.04 35.09 48.41 77.96 140

4.3.4 Experiment 4: Compare one-vs-all block-level classifica-

tion using MLP with winner-takes-all approach

Objective

The experiment was conducted to compare the one-vs-all classifier using the
winner-takes-all and using the MLP-based to determine the deficiency presented in
the block-level . One-vs-all classifier is a classifier resulting from combining all the

binary CNNs together. The overall process can be seen in Fig. 4.11.
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Figure 4.11: The flow of process and network parameter which are used in this
experiment

Experiment setup

At first, a block is fed to each binary CNN as in Section 4.3.2. The output
probabilities from each binary CNN are fed to the two one-vs-all classifiers and the
results are compared. The first one-vs-all classifier uses winner-takes-all approach
which simply outputs the class having highest probability as the decision about the
deficiency presented in the block. The output probabilities are also fed to another
one-vs-all classifier based on MLP which uses ELM as a learning procedure. The
block is then assigned the nutrient deficiency class that produces highest output
signal from the MLP. The training set is a set of six-probabilities resulting from
running the classification in Section 4.3.2 on the training data and the testing set is
a set of six-probabilities resulting from the same classification on testing data.

Neural network: The classifier used in the experiment is a MLP trained with
ELM. The network has one hidden layer with seven hidden nodes. The network has

six output nodes corresponding to each nutrient deficiency class.
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Result and discussion

The classification accuracy of each class of deficiency for each approach is
shown in Tables 4.14 and 4.15. Overall, the performance for both approach are
poor with only around 20% of precision and recall. However, for MLP approach,
the classes that obtain better performance are quite significantly better than those
of winner-takes-all approach. The best recognized class are the same for both ap-
proaches which is iron deficiency class. . The class which receives the poorest per-
formance for both approaches is potassium. The reason for this is beacuse symptom
of potassium deficiency usually appears on a leaf tip which hardly be included in the
extracted block images. Therefore, the blocks used to train the classifier do not rep-
resent the symptom of the deficiency which consequently leads to bad classification

performance.

Table 4.14: The performance of block-level one-vs-all classification using MLP.

Class Precision (%) | Recall (%) | F-measure (%)
Healthy 21.3% 38.17 27.36
Calcium (-Ca) 21.24 24.30 22.67
Iron (-Fe) 40.41 36.99 38.62
Magnesium (-Mg) 19.47 24.01 21.58
Nitrogen (-N) 18.80 15.17 16.79
Potassium (-K) 25.78 2.09 3.87
Average 24.97 24.01 24.48

Table 4.15: The performance of block-level one-vs-all classification using winner-
takes-all.

Class Precision (%) | Recall (%) | F-measure (%)
Healthy 19.07 17.44 18.22
Calcium (-Ca) 19.41 36.41 25.32
Iron (-Fe) 5152 24.38 33.10
Magnesium (-Mg) 19.10 579 23.86
Nitrogen (-N) 25.04 10.50 14.80
Potassium (-K) 19.21 19.94 19.57
Average 26.48 22.59 24.38
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From the result in Table 4.6, it seem to produce the accuracy result similar to
the winner-takes-all approach, but the result in neural network-based approach pro-

duces a better result in both experiment in Sections 4.3.1 and 4.3.4

4.3.5 Experiment 5: Compare one-vs-all block-level classifica-
tion using MLP with winner-takes-all approach with data

preprocessing

Objective

As new data set from Section 4.3.3 is acquired and it performs quit well for
binary classification, an experiment similar to experiment four was conducted again
to improve the accuracy of block-level classification. The difference this experiment
and the previous one is only the dataset which proves to be better in the case of
block-level classification. The goal here is to compare the performance of one-vs-
all based on MLP with winner-takes-all using new preprocessed dataset. The overall

process is depicted in Fig. 4.12.
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Figure 4.12: The flow of process and network parameter which are used in this
experiment the input is used from the experiment in Section 4.3.3 Section 4.3.4

Experiment setup

The experiment setup is the same as in Section 4.3.4. A block is fed to each
binary CNN as in the experiment in Section 4.3.3. The output probabilities from
each binary CNN are then fed to MLP-based and winner-takes-all-based one-vs-all
classifiers. The results are then compared. Architecture and all the parameters of
the network are the same which is a MLP trained with ELM. The training set is a
set of six-probabilities resulting from running the classification in Section 4.3.3 on
the training data and the testing set is a set of six-probabilities resulting from the

same classification on testing data.

Result and discussion

As shown in Tables 4.16 and 4.17, the overall accuracy has significantly im-
proved comparing to the result in experiment four. To compare MLP approach with
winner-takes-all approach, the two approaches yield comparable results. Healthy

and iron deficient blocks are well recognized by the two approaches. However, for
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MLP approach, calcium and potassium deficiency cannot be detected at all. This
should be due to relatively small number of training samples for the two classes.
Still, MLP based approach perform statistically significantly better for magnesium

and nitrogen deficiency classes.

Table 4.16: The performance of block-level one-vs-all classification using MLP.

Class Precision (%) | Recall (%) | F-measure (%)
Healthy 91.06 92.17 91.61
Calcium (-Ca) 0.00 0.00 0.00
Iron (-Fe) 161 76.89 74.16
Magnesium (-Mg) 24.62 70.44 36.49
Nitrogen (-N) 25.23 12.81 16.99
Potassium (-K) 0.00 0.00 0.00
Average 70.89 74.00 72.41

Table 4.17: The performance of block-level one-vs-all classification using winner-
takes-all.

Class Precision (%) | Recall (%) | F-measure (%)
Healthy 98.02 89.06 93.32
Calcium (-Ca) 6.85 1897 9.10
Iron (-Fe) 80.58 61.33 69.84
Magnesium (-Mg) 16.80 54.90 25.73
Nitrogen (-N) 18.32 5.60 8.58
Potassium (-K) 19.86 38.28 26.15
Average 77.28 69.04 72.93

4.3.6 Experiment 6: Predict the nutrient deficiency of a whole

leaf

Objective

The experiment was conducted to measure the accuracy of decision making
regarding the deficiency of the whole leaf image using the information of each block

it contains. The overall process is shown in Fig. 4.13.
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Figure 4.13: The flow of process in predicting the deficiency of whole leaf

Experiment setup

Once all the blocks in a leaf are classified using an MLP-based one-vs-all clas-
sifier as in Section 4.3.4, the portions of blocks classified as each nutrient deficiency
are calculated. They are then used as inputs to another neural network. The training
and testing set are acquired from running the classifications in experiment five on
training and testing data respectively.

Dataset: The training set and testing set are the blocks from training and testing
set in experiment five respectively. However, in this experiment, the blocks are
grouped into leaves and within the same leaf, the portion of blocks of each class
classified in experiment five are used as data sample in this experiment.

Neural network: MLP trained with ELM is used again in this experiment. The
network contains one hidden layer with six hidden nodes. The network outputs six

values for each nutrient deficiency class.

Result and discussion

The accuracy of the prediction is shown in Table 4.18. Again, calcium and

potassium deficiency classes cannot be recognized by the MLP here. This is due to
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the same reason as in the previous experiment that the number of training samples
for the two classes are not enough. Healthy and iron deficient leaves receive the
best performance which is consistent with the result from block-level classification.
Magnesium deficiency also is recognized relatively well with a sensitivity (recall)
value of around 70% and nitrogen deficiency receives the worst performance disre-
garding the two classes which cannot be recognized. Also, Table 4.18 and Fig. 4.14
show the accuracy of the system by day from day 1 to day 28. The fluctuation in

the graph should be due to unequal proportion of each class in each day.

Table 4.18: The performance of leaf-level classification.

Class Precision (%) | Recall (%) | F-measure (%)
Healthy 68.61 88.68 77.36
Calcium (-Ca) 0.00 0.00 0.00
Iron (-Fe) 64.41 61.29 62.81
Magnesium (-Mg) 24.10 66.67 35.40
Nitrogen (-N) 26.92 16.67 20.59
Potassium (-K) 0.00 0.00 0.00
Average 43.02 52.13 47.14

© Averaged accuracy of the system (%)

0.00
Day 1 Day3 Day 5 Day 7 Day 9 Day 11 Day 13 Day 15 Day 17 Day 19 Day 22 Day 24 Day 26 Day 28

Figure 4.14: Line chart showing averaged accuracy of the system plotted by day.
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Table 4.19: The performance of leaf-level classification by days.

Averaged accuracy (%)
Day 1 42.86
Day 2 100.00
Day 3 80.00
Day 4 36.36
Day 5 : 80.00
Day 6 57.14
Day 7 66.67
Day 8 75.00
Day 9 50.00
Day 10 26.32
Day 11 50.00
Day 12 85.71
Day 13 77.78
Day 14 70.00
Day 15 66.67
Day 16 70.00
Day 17 70.00
Day 18 37.50
Day 19 66.67
Day 21 5 o0
Day 22 58133
Day 23 56.25
Day 24 267972
Day 25 44.44
Day 26 29.41
Day 27 26.67
Day 28 43.75
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4.3.7 Experiment 7: Measure human classification performance

Objective

The experiment was conducted to measure naked-eye human performance in

classifying plant nutrient deficiencies.

Experiment setup

A web application is created to let a participant do a test. In the test, 800 leaf
images are randomly shown to the participants. They then need to answer which of
the six deficiencies is presented in the leaf image shown. Leaf images used in the
experiment are the same as in the dataset used to test the system. Two participants

participated in this experiment.

Result and discussion

The performances of each participant are shown in Table 4.20. Overall, the
result from both participants yield sensible performance because it is quite tough for
human to identify the symptoms in the early stage of deficiencies and to distinguish
between symptoms from deficiencies which appear to be similar. The table shows
that both participants usually answer that the plant is healthy due to the fact that
some leaves only have quite small region of abnormalities. In consequence, healthy
class receive low precision but high recall. On the other hand, iron deficiency is the
easiest to detect as it leads to an quit easily distinguishable appearance comparing to
other deficiencies. Hence, both participants achieved the highest precision around
77% to 94% for iron deficiency class. The class that received the worst performance
from both participants is potassium deficiency. This is because the symptom only
appears on a small region on the tip of a leaf.

Table 4.21 shows the averaged accuracy of both participants and Fig. 4.15 de-

picts the same result as a line chart. Obviously, in the early days of the deficiencies,

65



Table 4.20: Classification performances perform by participator one and
participator two

Clhs 1* participator 2"? participator
Precision (%) | Recall (%) | F-measure (%) | Precision (%) | Recall (%) | F-measure (%)
Healthy 21.98 58.17 31.90 19.07 65.22 29.51
Calcium (-Ca) 30.59 25.00 27.51 3421 23.01 27.51
Iron (-Fe) 77:55 27.94 41.08 93.75 12.82 22.56
Magnesium (-Mg) | 29.79 20.44 24.24 38.46 23.44 29.13
Nitrogen (-N) 28.05 18.55 22.33 23.38 11.46 15.38
Potassium (-K) 21.18 12.33 15.58 17.28 9.52 12.28
Average 34.68 27.75 27.12 35.75 24.13 22.21

it is quite difficult for a human to detect the deficiencies because they haven’t ap-
peared or hardly presented. However, in the later days, The abnormalities start to
more obviously appear on leaves and are easier to be detected by human. Fluctu-
ation of the graph is resulted from unequally presented abnormalities on each leaf.
Both participants achieve the best accuracy around day 18 to day 26. Additionally,

the confusion matrices for each day is also provided (see appendix B).

© Averaged accuracy (%) of 1st participator o Averaged accuracy (%) of 2nd participator

100.00

80.00

40.00

0.00 o
Day 1 Day 3 Day 5 Day 7 Day 9 Day 11 Day 13 Day 15 Day 17 Day 19 Day 22 Day 24 Day 26 Day 28

Figure 4.15: Line chart of participators averaged accuracy
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Table 4.21: Human classification performance by days

Averaged accuracy (%)

1 participant | 2™ participant
Day 1 14.71 13.79
Day 2 25.81 17.24
Day 3 22.58 23.53
Day 4 18.52 20.00
Day 5 24.24 16.22
Day 6 17.65 19.44
Day 7 18218 15:63
Day 8 3757 14.71
Day 9 13.89 3.13
Day 10 28.13 24.14
Day 11 2913 2222
Day 12 26.92 32.43
Day 13 36.67 29.41
Day 14 oWl 37.84
Day 15 S23 20.00
Day 16 20.69 16.67
Day 17 330 26.09
Day 18 38.89 41.38
Day 19 B %28 44 .83
Day 21 360 31.03
Day 22 47.83 30.30
Day 23 N3 36.84
Day 24 21.43 27.78
Day 25 35.00 28.00
Day 26 44.44 15.00
Day 27 18.18 15.38
Day 28 21.05 2070

4.3.8 Experiment 8: Compare human classification performance

with the system

Objective

The experiment was conducted to compare the classification performance of the

human and the system.
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Experiment setup

The system classification performance in Section 4.3.6 is used to compare with

the human classification performance in Section 4.3.7.

Result and discussion

Obviously, for calcium and potassium deficiencies, although human achieve
quite low performance, the performance is much better than those of the system
(which cannot recognize these classes at all due to insufficient training samples).
However, overall, the system still achieve higher performance as can be seen in
Fig. 4.16 and disregarding calcium and potassium deficiencies, the system achieve
much higher performance in all of the classes. Table 4.22 compares the the system
with the averaged human performance computed by averaging the two participants
performance. Therefore, on average, the proposed system significantly outperforms

human ability in recognizing plant nutrient deficiencies from leaf images.

Table 4.22: Comparison between the performance of the system and the averaged
performance of the two participants in Section 4.3.6.

System performance Averaged human performance

Gl Precision (%) | Recall (%) | F-measure (%) | Precision (%) | Recall (%) | F-measure (%)
Healthy 68.61 88.68 77.36 15.03 61.70 24.00
Calcium (-Ca) 0.00 0.00 0.00 24.75 24.01 23.24
Iron (-Fe) 64.41 61.29 62.81 66.27 20.38 27.52
Magnesium (-Mg) 24.10 66.67 35.40 26.68 21.94 23.18
Nitrogen (-N) 26.92 16.67 20.59 18.70 15.01 15.68
Potassium (-K) 0.00 0.00 0.00 13.94 10.93 11.84
Average 43.02 52.13 47.14 27.37 26.46 20.85
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© Averaged accuracy of the system (%) & Averaged accuracy of human performance (%)

100.00

0.00
Day 1 Day 3 Day 5 Day 7 Day 9 Day 11 Day 13 Day 15 Day 17 Day 19 Day 22 Day 24 Day 26 Day 28

Figure 4.16: Line chart of the averaged accuracy of the system (blue line) and
human (green line) plotted by day
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Chapter 5

Conclusion

The thesis proposes a plant nutrient deficiency classification system. The system
is used to detect deficiencies in plants. It allows the user to take an image with
a mobile application and the system will classify the deficiency presented in the
input leaf image. The system then returns the result back to the user. The system
is separated into two parts, which are mobile application (Section 3.1) and server
(Section 3.2).

In the mobile application, the image segmentation called active contour model
(Section 2.2) 1s used to segment the acquired leaf image from background region
after the acquisition process. Then the application sends the segmented image to the
server. After server receives the segmented image, the server calls the recognition
component (Section 3.3) to classify the deficiency in the leaf image.

In the recognition subsystem, the leaf in an image will be cropped into multiple
blocks and fed to six binary convolutional neural network or CNN (Section 2.4).
The experiment on this procedure can be found in Section 4.3.3.Then the result from
each classifier will be used to determine the deficiency in each block using a multi-
layer perceptron or MLP (Section 2.3) learned using extreme learning machine or
ELM (Section 2.7). The experiment on this process is explained in Section 4.3.5.

The last step of recognition subsystem is to used the classification results from each
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block to make a decision regarding the deficiency of the leaf image by using another
MLP trained using ELM.

The experiment in Section 4.3.6 summarizes the performance of the system.
The experiment in Section 4.3.7 evaluates human performance in doing the same
task. The experiment in Section 4.3.8 compares the performance of the system with
human and concludes that on average, the proposed system outperforms human in

recognizing nutrient deficiencies in plants using leaf images.

5.1 Future work

5.1.1 Mobile application

There is still a room to improve the mobile application. The segmentation al-
gorithm used in the system can still be improved. The system also can still be
improved. For example, the recognition system might be implemented to be fully
embedded within the mobile application, hence, the connection between the mobile

application and the server will not be required.

5.1.2 Recognition component

There are still plenty of techniques which can be used to improve the recogni-
tion component such as ensemble method [3] which, basically, is a way to improve
recognition performance by combining multiple classifiers together. Many other
architecture of CNN can be deployed and parameters of the network learning pro-
cedures can also be adjusted in numerous ways. Additionally, more data set can
be used to improve classification performance which is the easiest way to improve

classification performance.
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Appendices



Appendix A: Leaf image dataset

The examples of leaf image dataset are shown in Fig.A.1 - A.12. As mention in
experiment section, the dataset consist of six classes and leaf at center of an image.
Chapter A describes the number of leaf images belong to each captured day from

day 1 to day 28.

Figure A.1: An example of a healthy plant leaf (day 1).



(c) Day 10

(f) Day 19

(g) Day 23 (h) Day 26 (i) Day 28

Figure A.2: Examples of healthy plant leaf from day 1 to day 28.
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(1) Day 21

Figure A.4: Examples of calcium deficient plant leaves from day 1 to day 28.
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Figure A.5: An example of an iron deficient plant leaf (day 1).

(g) Day 23 (h) Day 26 (i) Day 28

Figure A.6: Examples of iron deficient plant leaves from day 1 to day 28.
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(a) Day 4 (b) Day 7 (c) Day 10

(f) Day 22

(g) Day 23 (h) Day 26 (i) Day 28

Figure A.8: Examples of magnesium deficient plant leaves from day 1 to day 28.



Figure A.9: An example of a nitrogen deficient plant leaf (day 1).

(b) Day 7

A

(e) Day 16

(g) Day 23 (h) Day 26 @) Day 28

Figure A.10: Examples of nitrogen deficient plant leaves from day 1 to day 28.
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(d) Day 13

(g) Day 23 (h) Day 26 (i) Day 28

Figure A.12: Examples of potassium deficient plant leaves from day 1 to day 28.
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Appendix B: Participants’ classification performance

The confusion matrices perform by both participants are separate in the 28 days
in Sections B.1 to B.28. In each section, there are 2 confusion matrix which perform

by the first participant and the second participant respectively.

B.1 Dayl

Table B.1: Confusion matrix of the first participant on day 1

Predicted
Recall
-Ca | -Fe | -Mg | -N | -K | Total (%)
Healthy 5 | 100.00
S 3] 0.00
- 6| 0.00
Actual | -Mg : aad
N NN 000
~ 6| 0.00
Total 32 0 ! X 8 ol
fg)c‘s“’“ 15.62 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00




Table B.2: Confusion matrix of the second participant on day 1

Predicted
Healthy | -Ca | -Fe | -Mg | -N | -K | Total :((;zc)all
Healthy 4 4 | 100.00
-Ca 11 0.00
-Fe 5 0.00
Actual | -Mg 1 0.00
N 5 0.00
-K 3 0.00
Total 0 0 0 0 29
Eeesion 0.00 | 0.00 | 0.00 | 0.00
(%)
B2 Day?2
Table B.3: Confusion matrix of the first participant on day 2
Predicted
Healthy | -Ca | -Fe | -Mg | -N | -K | Total :{(Zc)all
Healthy 8 | 100.00
-Ca i o 6 0.00
-Fe 4 0.00
Actual | -Mg 4 0.00
[-N 3 0.00
-K 6 0.00
Total 0 2 0 1 31
:’,;oe)c‘s"’“ 29.63 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
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Table B.4: Confusion matrix of the second participant on day 2

Predicted
Healthy | -Ca | -Fe |-Mg | N | K | Total | o,
(4
Healthy 5 [100.00
@S 71 0.00
-Fe 4 5[ 0.00
Actual | -Mg 2 2 0.00
N 5[ 0.00
BR: 5[ 0.00
Total GOl O e 29
Frecision | 1953 0.00 | 0.00 | 0.00 | 0.00 | 0.00
(%)
B.3 Day3
Table B.5: Confusion matrix of the first participant on day 3
Predicted
Healthy | -Ca | -Fe | -Mg -N -K | Total :{‘;)c)aﬂ
Healthy . |Ji s e 5] 80.00
@5 ‘ 5] 0.00
Fe 3l 5] 0.00
Actual | -Mg 74 28.57
N 6| 16.67
K 2 3] 0.00
Total 231 2~0 0 31
f;be)c‘s“’“ 17.39 | 0.00 | 0.00 | 40.00 | 100.00 | 0.00
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Table B.6: Confusion matrix of the second participant on day 3

Predicted
Healthy | -Ca | -Fe | -Mg | -N | -K | Total :{l;)c)all
Healthy 8 | 100.00
-Ca 5 5 0.00
-Fe 3 3 0.00
Actual | -Mg 4 4 0.00
-N 8 0.00
-K 5 6 0.00
Total 33 0 0 0 0 34
Trecision [ 5424 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
(%)
B4 Day4
Table B.7: Confusion matrix of the first participant on day 4
Predicted
Healthy | -Ca | -Fe | -Mg| -N | K | Total :f;c)a"
Healthy =[S 5] 80.00
-Ca W, 5] 0.00
“Fe L 1] 0.00
Actual | -Mg 5 5[ 0.00
N L3 ena 4] 25.00
K A 7] 0.00
Total 19 0 1 2 2 3 27
f,;e)c‘s“’“ 21.05 | 0.00 | 0.00 | 0.00 | 50.00 | 0.00
(4
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Table B.8: Confusion matrix of the second participant on day 4

Predicted
Healthy | -Ca | -Fe | Mg | N | -K | Total :{;c)a"
Healthy o 4 | 100.00
-Ca 7 0.00
-Fe 3 4 0.00
Actual | -Mg 3 4| 25.00
-N 2 2 0.00
e 4 4 0.00
Total 22 0 0 3 0 0 25
Precision [ 118 | 0.00 | 0.00 | 33.33 | 0.00 | 0.00
(%)
B.5 Day5
Table B.9: Confusion matrix of the first participant on day 5
Predicted
Recall
Healthy | -Ca | -Fe (%)
Healthy 100.00
-Fe ) e 0.00
Actual | -Mg 0.00
-N %,ﬁ ‘”é 5 16.67
-K 2 0.00
Total 26 0 0
f’;:)c's“’“ 26.92 | 0.00 | 0.00 | 0.00 | 50.00 | 0.00




Table B.10: Confusion matrix of the second participant on day 5

Predicted
Healthy | -Ca | -Fe | -Mg | -N | -K | Total :{‘;)c)all
Healthy 6 | 100.00
-Ca 0 7 0.00
-Fe 2 4 0.00
Actual | -Mg 6 0.00
-N 7 0.00
-K 7/ 0.00
Total 33 0 0 3 0 1 37
precision [ 1¢ 15 [ 0.00 | 0.00 | 0.00 | 0.00 | 0.00
(%)
B.6 Day6
Table B.11: Confusion matrix of the first participant on day 6
Predicted
Healthy | -Ca | -Fe | -Mg | -N | -K | Total :f;c)a“
Healthy | 5 6| 83.33
-Ca 4 0.00
-Fe i 3 0.00
Actual | -Mg AR 4¢ 6| 16.67
-N 8 0.00
-K g/ 0.00
Total 24 0 34
f,;e)c‘s"’“ 20.83 | 0.00 | 0.00 | 25.00 | 0.00 | 0.00
(4

Vi




Table B.12: Confusion matrix of the second participant on day 6

Predicted
Recall
Healthy | -Ca | -Fe -K | Total (%)
Healthy [ S 8| 62.50
-Ca 8 0.00
-Fe 3 4 0.00
Actual | -Mg S 15| aRIST
-N ) 6 0.00
-K 3 3 0.00
Total 28 0 0 6 2 0 36
frecision |45 ¢6 | 0.00 | 0.00 | 33.33 | 0.00 | 0.00
(%)
B.7 Day?7
Table B.13: Confusion matrix of the first participant on day 7
Predicted
Recal
Healthy | -Ca -Fe -K | Total (%)
Healthy 6| 83.33
-Ca Jpr 8 0.00
-Fe 4 W1 1 6| 16.67
Actual | -Mg Qs 1¢ 2 3] 0.00
-N 1y 3 f’”““‘%@% 4 0.00
K Nl Ve s 5[ 0.00
Total 22 0 1 5 1 3 32
f,;:)c‘s“’“ 22.73 | 0.00 | 100.00 | 0.00 | 0.00 | 0.00

Vil



Table B.14: Confusion matrix of the second participant on day 7

Predicted
Healthy | -Ca -Fe | -Mg | -N | -K | Total :{(;)c)all
Healthy 4 4 | 100.00
-Ca 3 L 4 0.00
-Fe 5 | 7] 14.29
Actual | -Mg 5 5 0.00
-N 8 0.00
-K 3 4 0.00
Total 28 0 1 0 32
:’ ;e)c‘s“’“ 14.29 | 0.00 | 100.00 | 0.00 | 0.00 | 0.00
(4
B.8 Day8
Table B.15: Confusion matrix of the first participant on day 8
Predicted
Healthy | -Ca | -Fe | -Mg Total z{‘;‘a}c)all
Healthy 3 Oy 7 42.86
-Ca ]:;;l N 51 20.00
-Fe AT 6 0.00
Actual | -Mg 3¢ e 4 0.00
-N e, 2| (8 10 | 10.00
-K 3 = 5 0.00
Total 22 4 0 6 2 3 37
f’,;oe)c‘s“’“ 13.64 | 25.00 | 0.00 | 0.00 | 50.00 | 0.00

Viil




Table B.16: Confusion matrix of the second participant on day 8

Predicted
Recall
Healthy | -Ca | -Fe (%)
Healthy 5 83.33
-Ca 0.00
-Fe 1 0.00
Actual | -Mg 3 0.00
-N 3 0.00
-K 6 0.00
Total 27 1 0
precision [ ¢ 52 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
(%)
B.9 Day9
Table B.17: Confusion matrix of the first participant on day 9
Predicted
Reca
Healthy Total (%)
Healthy S| 60.00
-Ca 5| 20.00
> 0.00
Actual 6 0.00
8| 12.50
7 0.00
Total 6

Precision
(%)

10.71

50.00

0.00

0.00

X




Table B.18: Confusion matrix of the second participant on day 9

Predicted
Recall
Healthy | -Ca (%)
Healthy il 50.00
-Ca o 0.00
-Fe o 0.00
Actual | -Mg 4 0.00
-N 0.00
-K 4 0.00
Total 22 0
recision 4.55 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
(%)
B.10 Day 10
Table B.19: Confusion matrix of the first participant on day 10
Predicted
Healthy | -Ca | Fe | -Mg| -N | -K | Total :‘;c)a"
Healthy e B o 7] 57.14
-Ca PN 4] 0.00
“Fe e 6 | 50.00
Actual | -Mg S 0.00
-N 4| 50.00
Total 13 1 32
f,;e)c’s“’“ 30.77 | 0.00 | 75.00 | 0.00 | 22.22 | 0.00
(4




Table B.20: Confusion matrix of the second participant on day 10

Predicted
Healthy | -Ca | -Fe | -Mg | -N -K | Total :{t;(:)c)all
Healthy a3 D i 6| 50.00
-Ca 1 <3 4 0.00
-Fe i 3 0.00
Actual | -Mg ¢ 6| 0.00
-N g 3 6| 50.00
-K 2 : 1 Al 4| 25.00
Total 12 0 0 0 11 6 29
7k ,;e)c's“’“ 25.00 | 0.00 | 0.00 | 0.00 | 27.27 | 16.67
(4
B.11 Day 11
Table B.21: Confusion matrix of the first participant on day 11
Predicted
fra Recall
(%)
Healthy 50.00
@5 *svy 42.86
-Fe al“ﬁ%ﬁfﬁ}ﬁ} 1| 11.11
Actual | -Mg 1 50.00
-N 20.00
-K Ly 16.67
Total 1
Precision
(%) 100.00

X1



Table B.22: Confusion matrix of the second participant on day 11

Predicted
Healthy | -Ca | -Fe | Mg | -N | K | Total :{ozc)a"
Healthy 8| 75.00
-Ca S i 1] 0.00
Actual | -Mg 4 7 0.00
N 2 4l 3] 0.00
-K il i 2 4 0.00
Total 17 2 0 S 2 1 27
P,;oe)c‘s“’“ 35.29 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
B.12 Day 12
Table B.23: Confusion matrix of the first participant on day 12
Predicted
Healthy | -Ca | -Fe | -Mg| -N | -K | Total :f;c)a"
Healthy : : A 6| 50.00
e i 4 | 50.00
-Fe ol 4 0.00
Actual | -Mg 3 0.00
-N 5| 40.00
K 41 0.00
Total 17 2 0 3 3 1 26
Po;oe)c‘s“’“ 17.65 | 100.00 | 0.00 | 0.00 | 66.67 | 0.00

Xii



Table B.24: Confusion matrix of the second participant on day 12

Predicted
Healthy | Ca | Fe |-Mg| -N | -K | Total z{ozc)au
Healthy 7 | 100.00
-Ca 4| 25.00
“Fe 8| 12.50
Actual | -Mg 3 0.00
N 5[ 20.00
K 10 | 20.00
Total 23 2 1 37
f’;e)"’s“’“ 30.43 | 50.00 | 100.00 | 0.00 | 50.00 | 33.33
0
B.13 Day 13
Table B.25: Confusion matrix of the first participant on day 13
Predicted
Recall
Healthy | -Ca | -Fe Total (%)
Healthy 8| 62.50
-Ca R 3] 0.00
-Fe w-} _ w]}i’? et | 6 | 50.00
Actual [-Mg -2 T 2 5| 20.00
N N 1 Se 57T 8| 3333
K W €4 B 5| 2000
Total 14 0 4 6 2 4 30
f,;e)“‘s“’“ 35.71 | 0.00 | 75.00 | 16.67 | 50.00 | 25.00
(4
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Table B.26: Confusion matrix of the second participant on day 13

Predicted
Healthy | -Ca | -Fe | -Mg -N -K | Total :{ozc)all
Healthy an D 9| 66.67
-Ca 2 ] 4| 50.00
-Fe 2 3 5 0.00
Actual | -Mg S 6 | 16.67
-N 3 ] by 5| 20.00
-K 4 1 5 0.00
Total 21 3 0 3 5 2 34
:’;e)c‘s"‘“ 28.57 | 66.67 | 0.00 | 33.33 | 20.00 | 0.00
(4
B.14 Day 14
Table B.27: Confusion matrix of the first participant on day 14
Predicted
Healthy | -Ca | -Fe | -Mg | -N | -K | Total :f;;c)a"
Healthy hurd Ry, 5| 80.00
-Ca 20 3 5| 60.00
-Fe 2 W el ¥ 3333
Actual | -Mg 2 2 Y1 5| 40.00
-N 5 0.00
K W4 ey 5 0.00
Total 19 3 1 3 0 2 28
:’,;e)c‘s"’“ 21.05 | 100.00 | 100.00 | 66.67 | 0.00 | 0.00
(4

Xiv



Table B.28: Confusion matrix of the second participant on day 14

Predicted
Healthy | -Ca | -Fe | Mg | -N | -K | Total :{OZC)“'"
Healthy 4 e 2 7| 57.14
-Ca Pl 4 5| 80.00
-Fe s _ 200 51 20.00
Actual | -Mg 4 : 10 | 40.00
-N 2 B 4 0.00
-K 3) 2 6| 16.67
Total 16 S 1 S 4 37
Frecsion | 5500 | 80.00 | 100.00 | 80.00 | 0.00
(%)
B.15 Day 15
Table B.29: Confusion matrix of the first participant on day 15
Predicted
Recall
, Total (%)
Healthy 7| 42.86
-Ca 3| 66.67
-Fe ¥ 3333
Actual | -Mg 8| 12.50
-N 4 | 50.00
078 7| 14.29
Total 32
:’;be)c‘s“’“ 25.00 | 40.00 | 50.00 | 25.00 | 50.00 | 20.00

XV



Table B.30: Confusion matrix of the second participant on day 15

Predicted
Healthy | -Ca -Fe | -Mg | -N -K | Total :{‘;c)all
Healthy 2 1 3| 66.67
-Ca 1 il 1 3| 3333
-Fe 1 2 353333
Actual | -Mg ; 1 1 0.00
-N 1 1 8| 12.50
-K 2 2 7/ 0.00
Total 10 1 1 6 5 2 25
f ,;e)c‘s“’“ 20.00 | 100.00 | 100.00 | 0.00 | 20.00 | 0.00
(4
B.16 Day 16
Table B.31: Confusion matrix of the first participant on day 16
Predicted
Recall
Healthy | -Ca -Fe Total (%)
Healthy 2 0.00
-Ca 72 A 11 4| 25.00
-Fe SN g 7| 57.14
Actual | -Mg 6 0.00
N L ¥ 3 51 20.00
X ' 2 5 0.00
Total 12 1 4 29
f ,;oe)c‘s“’“ 0.00 | 100.00 | 100.00 | 0.00 | 25.00 | 0.00

Xvi



Table B.32: Confusion matrix of the second participant on day 16

Actual

B.17

Actual

Predicted

Healthy | -Ca -Fe | -Mg| -N -K | Total :{;} c)a]
Healthy ol 2 3 0.00
-Ca 2 L 3 ”}‘,k 1 6 | 50.00
-Fe o 1 '~ 3 5| 20.00
-Mg ) & 3 0.00
-N 2 9 6 0.00
-K 2 7| 14.29
Total 11 3 1 3 5 30
:’ o;e)c‘s“’“ 0.00 | 100.00 | 100.00 | 0.00 | 0.00 | 14.29

(4
Day 17
Table B.33: Confusion matrix of the first participant on day 17
Predicted
Recall

Healthy ;Ca Total (%)
Healthy il 8| 50.00
-Ca & g 22.22
-Fe 6 | 16.67
-Mg 5| 60.00
-N 2 0.00
-K €2 4| 25.00
Total 9 34
f’,;:)c‘s"’“ 44.44 | 33.33 | 50.00 | 37.50 | 0.00 | 20.00

Xvii




Table B.34: Confusion matrix of the second participant on day 17

Predicted
Health -Ca -Fe -Mg -N | -K | Total :{‘;)c)all
Healthy [ 2 3] 3333
-Ca 2 2 | 100.00
-Fe 2| 50.00
Actual | -Mg 2 6| 33.33
-N 3 1 4 0.00
-K il 6 0.00
Total 14 3 1 2 1 2 23
f (;e)c‘s“’“ 7.14 | 66.67 | 100.00 | 100.00 | 0.00 | 0.00
(4
B.18 Day 18
Table B.35: Confusion matrix of the first participant on day 18
Predicted
Recall
3 oot (%)
Healthy - [ERSESE 50.00
-Ca 100.00
-Fe 40.00
Actual | -Mg 20.00
N 40.00
-K et 0.00
Total 13 7
Precision
(%) 23.08 | 57.14

XVviii



Table B.36: Confusion matrix of the second participant on day 18

Predicted
Healthy | -Ca -Fe -Mg -N Total z{(;)c)a
Healthy 5| 80.00
-Ca 3| 66.67
-Fe 4| 25.00
Actual | -Mg 6 | 16.67
-N 6 | 50.00
-K ~ il S| 20.00
Total 16 3 1 2 5 2 29
:’ o/re)c‘s“’“ 25.00 | 66.67 | 100.00 | 50.00 | 60.00 | 50.00
(4
B.19 Day 19
Table B.37: Confusion matrix of the first participant on day 19
Predicted
Recall
Healthy | -Ca Total (%)
Healthy 8| 50.00
-Ca 6 | 66.67
-Fe 4 | 50.00
Actual | -Mg 5 0.00
N 4| 25.00
-K 7| 14.29
Total 34
f,;e)c‘s“’“ 28.57 | 66.67 | 66.67 | 0.00 | 33.33 | 20.00
(4
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Table B.38: Confusion matrix of the second participant on day 19

Predicted
Recall
Healthy | -Ca -Fe -Mg -N -K (%)
Healthy 2 71 7143
-Ca 2 2 | 100.00
Fe T 2] 5000
Actual | -Mg ol i 2 4| 25.00
-N 3 1 1 2 71 14.29
-K 3 i 3 7| 42.86
Total 13 5 1 2 1 7 9
:’;e)"‘s“’“ 38.46 | 40.00 | 100.00 | 50.00 | 100.00 | 42.86
0
B.20 Day 21
Table B.39: Confusion matrix of the first participant on day 21
Predicted
Recall
-Fe -Mg -N -K (%)
Healthy f ol ] 6| 33.33
Ca 1 100.00
-Fe 6| 50.00
Actual | -Mg L 6| 33.33
-N 2 50.00
-K 3 0.00
Total 3 4
f,;:)c‘s“’“ 66.67 | 16.67 | 100.00 | 66.67 | 16.67 | 0.00

XX




Table B.40: Confusion matrix of the second participant on day 21

Predicted
Recall
-Ca -Fe -Mg _fN ‘ -K | Total (%)
Healthy 2 L 5| 20.00
Ca g 5| 60.00
Fe e 3 3333
Actual | -Mg 6| 50.00
N o 5] 20.00
-K _ 5 0.00
Total 13 6 1 1 29
f’;e)c's"’“ 7.69 | 50.00 | 100.00 | 60.00 | 33.33 | 0.00
0
B.21 Day 22
Table B.41: Confusion matrix of the first participant on day 22
Predicted
Healthy | -Ca | -Fe | -Mg | -N | -K | Total :‘;}c)a"
Healthy e 6| 66.67
Ca j?‘ﬁws \ 1 0.00
Fe ST T 6| 66.67
Actual | -Mg Ml?” = 13, i 5| 60.00
-N s 3] 0.00
K 2] 0.00
Total 9 4 4 3 1 2 23
:’,;e)c‘s“’“ 44.44 | 0.00 | 100.00 | 100.00 | 0.00 | 0.00
(4

XXi



Table B.42: Confusion matrix of the second participant on day 22

Predicted
Healthy Fe ol Mg | N | K |Total :{o/ic)a"
Healthy [N B B 6| 66.67
Ca 1 0.00
-Fe | 3 2 6 | 16.67
Actual | -Mg 2 3 5| 60.00
-N sl s 8| 12.50
5% i 7| 14.29
Total 175 %0 1 3 4 i3y
P;e)c‘s"’“ 23.53 | 0.00 | 100.00 | 100.00 | 25.00 | 25.00
(4
B.22 Day 23
Table B.43: Confusion matrix of the first participant on day 23
Predicted
Healthy | -Ca -Fe -Mg -N -K | Total :{(;)c)all
Healthy |= =3 Z ] 4| 75.00
-Ca 1] 0.00
-Fe 9 | 44.44
Actual | -Mg 9| 66.67
N 3| 3333
K 7 42.86
Total 33
f,;e)c's“’“ 37.50 | 0.00 | 100.00 | 100.00 | 14.29 | 60.00
0

XX1i




Table B.44: Confusion matrix of the second participant on day 23

Predicted
Healthy | -Ca | -Fe | -Mg secal
Healthy i 2 | 100.00
-Ca 1 1 0.00
-Fe 1 2 0.00
Actual | -Mg 1 S| 60.00
-N o 1 1 2857
-K 2 2 0.00
Total 6 0 9
SEenlon s 0.00 | 75.00
%)
B.23 Day 24
Table B.45: Confusion matrix of the first participant on day 24
Predicted
Recal
Healthy -Fe (%)
Healthy 2 3 0.00
-Ca 2| 50.00
-Fe S| 20.00
Actual | -Mg 5| 40.00
N 4| 50.00
-K 7 0.00
Total 4 4 1 8
s eclsion |4 00 | 25.00 | 100.00
(%)

XXiii




Table B.46: Confusion matrix of the second participant on day 24

Predicted
Recall
Heﬁaltfly‘ -Ca -Fe ‘ Total (%)
Healthy L 4 7| 14.29
-Ca 201 3] 3333
-Fe 2 6 | 33.33
Actual | -Mg 2 6| 33.33
-N sl 5| 60.00
-K 1 9| 11.11
Total 8 9 2 36
frecision [ 4550 | 11.11 | 100.00 | 100.00 | 27.27 | 25.00
(%)
B.24 Day 25
Table B.47: Confusion matrix of the first participant on day 25
Predicted
Healthy | -Ca | -Fe |-Mg| N | -K | Total :‘;}c)a"
Healthy i By 3| 333
-Ca 0 0.00
-Fe 3 | 100.00
Actual | -Mg I8 e 1 2 0.00
N . 1 gl 6] 0.00
K fad 0 6| 50.00
Total 4 5 6 0 5 20
fo;f)c‘s"’“ 25.00 | 0.00 | 50.00 | 0.00 | 0.00 | 60.00

XXiv




Table B.48: Confusion matrix of the second participant on day 25

Actual

B.25

Actual

Predicted

Healthy | -Ca -Fe -Mg -N | -K | Total :{‘7?)3]
Healthy [T ol 4| 25.00
2Ca 2| 50.00
-Fe Ry 4 75.00
“Mg onE 6| 3333
‘N 6| 0.00
K 3] 0.00
Total 7/ 3 2 25
f’,;e)c‘s“’“ 16.67 | 14.29 | 100.00 | 100.00 | 0.00 | 0.00

(/)
Day 26
Table B.49: Confusion matrix of the first participant on day 26
Predicted

Healthy | Ca | -Fe | -Mg | -N | -K | Total :f;‘;a"
Healthy TSI o 41 e 4| 25.00
-Ca 7l 1] 0.00
Fe L W1y 2| 50.00
Mg 5 X - 4| 50.00
N 1R 31 2| 50.00
K Wz 5| 60.00
Total 5 4 1 2 2 4 18
::;e)c‘s“’“ 20.00 | 0.00 | 100.00 | 100.00 | 50.00 | 75.00

(4

XXV




Table B.50: Confusion matrix of the second participant on day 26

Predicted
Healthy | -Ca | -Fe | -Mg | -N -K | Total :{‘;c)all
Healthy 1 1 0.00
Ca 1 1 | 100.00
Fe o 1 3 0.00
Actual | -Mg 1 1 S| 20.00
N DN 1 1 71 0.00
ERe 1 1 3| 3333
Total 5 BB 3 3pa00
Precision |00 | 14.29 | 0.00 | 33.33 | 0.00 | 33.33
(%)
B.26 Day 27
Table B.51: Confusion matrix of the first participant on day 27
Predicted
Healthy | Ca | -Fe |-Mg| -N | -K | Total :f;c)a”
Healthy éﬁfml? S 0.00
Ca B 1 | 100.00
Fe 2 S G 4| 25.00
Actual [ -Mg o 3 0.0
-N b 3] 0.00
X B O 6| 33.33
Total 3 8 222N [~ 4 S/ 23
f,;:)c's“’“ 0.00 | 12.50 | 50.00 | 0.00 | 0.00 | 40.00

XXVi




Table B.52: Confusion matrix of the second participant on day 27

Predicted
Healthy | -Ca | -Fe | -Mg | -N -K | Total :(‘;; c)al]
Healthy 1 4 0.00
-Ca o 2 1 3| 33.33
Fe I ] 1 3] 000
Actual | -Mg 2 ol 3] 66.67
-N ) 1 1 7 0.00
-K D 1 6| 16.67
Total 9 6 1 3 2 5 26
f,;e)c’s“’“ 0.00 | 16.67 | 0.00 | 66.67 | 0.00 | 20.00
0
B.27 Day 28
Table B.53: Confusion matrix of the first participant on day 28
Predicted
Healthy | -Ca | -Fe |-Mg| -N | K | Total :f;f)a'
Healthy 5vd Al 34 B3.33
-Ca P 1| 0.00
-Fe ' 1) 3 0.00
Actual | -Mg 2 0.00
N SO 1 750
-K i o 6 | 33.33
Total 5 =) 1 0 2 6 19
f’;")c‘s“’“ 20.00 | 0.00 | 0.00 | 0.00 | 50.00 | 33.33
0

XX Vil




Table B.54: Confusion matrix of the second participant on day 28

Predicted

Recall
(%)

Healthy | ik O T 25.00
) i | 100.00

0.00

Actual 100.00

25.00

11.11

Precision
(%)

14.29 | 28.57 | 0.00 | 66.67 | 50.00 | 20.00
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Appendix C:

System classification performance

The confusion matrix of the system are separate in the 28 days in Sections C.1

to C.28.
C.1 Dayl
Table C.1: Confusion matrix of the system on day 1
Predicted
Healthy | -Ca | -Fe | -Mg | -N | -K | Total :{;c)a"
Healthy 3100.00
Ca o 2] 0.00
Fe 0] 000
Actual | -Mg 0 0.00
N 1 1] 0.00
K &1 1] 0.00
Total 71) 0 N"0LAY 0| 7
f,;e)c's“’“ 42.86 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
(4




C.2 Day2

Table C.2: Confusion matrix of the system on day 2

Predicted
Healthy | -Ca | -Fe | -Mg | -N | -K | Total :(;c)all
0
Healthy 4 | 100.00
Ca 0 0.00
shie 0 0.00
Actual | -Mg 0 0.00
2 0 0.00
i 0 0.00
Total 4 0 0 0 0 0 3
f;:)c's"’“ 100.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

11



C3 Day3

Actual

Table C.3: Confusion matrix of the system on day 3

Predicted

Healthy | -Ca | -Fe | -Mg | -N | -K | Total :{;c)a“
Healthy 4 | 100.00
-Ca 1 0.00
-Fe 0 0.00
-Mg 0 0.00
-N 0 0.00
-K 0 0.00
Total 5 0 0 0 0 0 5
Precision

(%)

80.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

il




C4 Day4

Table C.4: Confusion matrix of the system on day 4

Predicted
Healthy | -Ca | -Fe | -Mg | -N -K | Total :{‘;c)all
0
Healthy 4 100.00
Ca 1| 0.00
She i 2 0.00
Actual | -Mg 0 0.00
K R 1| 0.00
Total B 5 PR ) 1 110 NN
f;)e)c's“’“ 44.44 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

v



C.5 Day5s

Table C.5: Confusion matrix of the system on day 5

Predicted

Recall
(%)

100.00

0.00

0.00

Actual 0.00

0.00

0.00

(7 I R—1 Y 1 N

Total
Precision

80.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

(%)




C.6 Dayé6

Actual

Table C.6: Confusion matrix of the system on day 6

Predicted

Healthy | -Ca | -Fe | -Mg | -N | -K | Total :(‘;;c)all
Healthy 4 | 100.00
o 11 0.00
il 11 0.00
e 0 0.00
) 0 0.00
= e 1] 0.00
Total 6 0 0 1 0 0 7
f.;oe)c SO | 66.67 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

Vi




C.7 Day7

Table C.7: Confusion matrix of the system on day 7

Predicted
Healthy | -Ca | -Fe | -Mg | -N | -K | Total :{qtzc)all
Healthy 4 | 100.00
-Ca 0 1] 0.00
-Fe 0 0.00
Actual | -Mg 0 0.00
-N 0 0.00
-K e 1 0.00
Total 6 0 0 0 0 0 6
f;oe)c's“’“ 66.67 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

vil



C.8 Day8

Table C.8: Confusion matrix of the system on day 8

Predicted
Healthy | -Ca | -Fe | -Mg | -N | -K | Total ?;gall
el 3 100.00
e 0] 0.00
i 0] 0.0
Actual | -Mg 0 0.00
=D 1 1] 0.00
it 0| 0.00
Total 3 0 0 1 0 0 4
f,;oe)c's“’“ 100.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

viii



C9 Day)9

Table C.9: Confusion matrix of the system on day 9

Predicted
Healthy | -Ca | -Fe | -Mg | -N | -K | Total ?‘72 c)all
Healthy 4 | 100.00
-Ca 0 0.00
-Fe Al 3 0.00
Actual | -Mg 0 0.00
-N L ?:;1{1? 1 0.00
-K 0 0.00
Total 5 0 0 2 1 0 8
f,;:’)"‘s“’“ 80.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

X



C.10

Actual

Day 10

Table C.10: Confusion matrix of the system on day 10

Predicted
Healthy | -Ca | -Fe | -Mg -N -K | Total :f;c)a“
(4

Healthy 4 | 100.00
Ca 2 i i 4] 0.00
Fe e o 37 0.00
“Mg D g 37 0.00
N 2 B, 3] 33.33
K Ay e 2] 0.00
Total 11 |— s R 61 0| \19
f,;:)c‘s“’“ 36.36 | 0.00 | 0.00 | 0.00 | 16.67 | 0.00




C.11

Actual

Day 11

Table C.11: Confusion matrix of the system on day 11

Predicted

Healthy | -Ca | -Fe |-Mg| -N | K | Total :‘%a"
Healthy 4 [ 100.00
:£a 21 0.00
e AL 3] 66.67
Mg 1] 0.00
bl 1] 0.00
XK 1| 0.00
Total 4 0 1 0 P
Precision

%)

100.00 | 0.00 | 50.00 | 0.00 | 0.00 | 0.00

X1




C.12

Actual

Day 12

Table C.12: Confusion matrix of the system on day 12

Predicted

Healthy | -Ca | -Fe |-Mg| -N | -K | Total :*o/e;c)au
Healthy 4 | 100.00
S 0] 0.00
shic 2 2 100.00
=2 0 0.00
N 1| 0.00
LS 0] 0.00
Frecision | 109.00 | 0.00 | 100.00 | 0.00 | 0.00 | 0.00

(%)

Xii




C13

Actual

Day 13

Table C.13: Confusion matrix of the system on day 13

Predicted

Healthy | -Ca -Fe -Mg -N K | Total :{‘;)c)all
Healthy 4 | 100.00
e 0] 0.00
28 2 [100.00
ol 11 100.00
N 1] 0.00
K 1] 0.00
Total 4 0 0 0 5
Precision

100.00 | 0.00 | 66.67 | 50.00 | 0.00 | 0.00

(%)

Xiii




C.14 Day 14

Table C.14: Confusion matrix of the system on day 14

Predicted
Healthy | -Ca -Fe -Mg | -N | -K | Total :{‘;‘:)c)all
Healthy 4 100.00
-Ca o 1] 0.00
“Fe R 2 [ 100.00
Actual | -Mg 1| 100.00
-N G 1| 0.00
K ol 1 0.00
Total 4] 0 2 31 0NN\ 10
:";‘)e)c‘s“’“ 100.00 | 0.00 | 100.00 | 33.33 | 0.00 | 0.00

Xiv



C.15

Actual

Day 15

Table C.15: Confusion matrix of the system on day 15

Predicted

Healthy | -Ca | -Fe | Mg | -N | -K | Total :f;;c)a'r
Healthy 4 | 100.00
-Ca 1 0.00
-Fe 3| 66.67
-Mg 1| 100.00
-N 2| 50.00
K 1 0.00
Total 4 0 1 0 12
Precision

100.00 | 0.00 | 100.00 | 20.00 | 100.00 | 0.00

(%)

XV



C.16

Actual

Day 16

Table C.16: Confusion matrix of the system on day 16

Predicted

Healthy | Ca | -Fe | -Mg | -N | -K | Total :‘;‘;a“
Healthy 47 100.00
-Ca o 1 0.00
Fe 25 2 | 100.00
Mg 1] 100.00
£l 1] 0.00
.S SEK 1] 0.00
Total 6 |03 L0 O\\I0
f;be)c‘s"’“ 66.67 | 0.00 | 66.67 | 100.00 | 0.00 | 0.00

Xvi




C.17

Actual

Day 17

Table C.17: Confusion matrix of the system on day 17

Predicted

Healthy | -Ca | -Fe | -Mg | -N | -K | Total z*%au
Healthy 4 [ 100.00
ol 2 2 0.00
e 2 2 [100.00
il 11 100.00
zhl 1] 0.00
S 0] 0.00
Total 6 0 P 2 0 0 10
Precision

%) 66.67 | 0.00 | 100.00 | 50.00 | 0.00 | 0.00
(4

XVvil




C.18

Actual

Day 18

Table C.18: Confusion matrix of the system on day 18

Predicted

Healthy | -Ca | -Fe | -Mg | -N | -K | Total :{‘7(:; c)all
Healthy 1 4| 75.00
-Ca 1 0.00
Fe 2 3| 66.67
Mg 1| 100.00
N 1 4 0.00
-K AL a2 3] 0.00
Total 4 0 5 6 1 0 16
:’,;;’)C'S"’“ 75.00 | 0.00 | 40.00 | 16.67 | 0.00 | 0.00

XViii




C.19

Actual

Day 19

Table C.19: Confusion matrix of the system on day 19

Predicted
Healthy | -Ca -Fe -Mg | -N | -K | Total :{‘;; c)a

Healthy 4 | 100.00
-Ca 0 0.00
-Fe 3| 66.67
“Mg b 2 | 100.00
-N Al 2 0.00
9% o 1] 0.00
Total 5 0 2 5 0 0 12
f o;oe)c‘s"’“ 80.00 | 0.00 | 100.00 | 40.00 | 0.00 | 0.00

Xix




C20 Day 21

Table C.20: Confusion matrix of the system on day 21

Predicted

Actual

Total

Recall
(%)

100.00

0.00

50.00

100.00

0.00

0.00

Precision

(%)

80.00

0.00

100.00

0.00

0.00

XX




C21 Day22

Table C.21: Confusion matrix of the system on day 22

Predicted
Healthy | -Ca | -Fe | -Mg | -N | -K | Total :((;)c)all
Healthy 4 | 100.00
Ca T 1| 0.00
“Fe T 4 75.00
Actual | -Mg e 1| 100.00
N o 30 0.00
X PR 2§ G000
Total 50 0 4 6,— 0| 0 NN\I5
P;:’)c's“’“ 80.00 | 0.00 | 75.00 | 16.67 | 0.00 | 0.00

XX1



C.22

Actual

Day 23

Table C.22: Confusion matrix of the system on day 23

Predicted

Healthy

Total

Recall
(%)

75.00

0.00

100.00

100.00

0.00

0.00

QNN W N K| =&

Precision

%)

60.00

0.00

0.00

XXil




C.23 Day 24

Table C.23: Confusion matrix of the system on day 24

Predicted
Healthy | -Ca | -Fe | -Mg | -N | -K | Total ?‘2 c)all
Healthy 1 R 1 4 25.00
Ca 1 1] 0.00
TEe S 4 75.00
Actual | -Mg 1 b R 3| 3333
N 118 2 3] 0.00
K ool e 2 4 0.00
Total 3 0 7 5 4 0 19
f;be)c‘s"’" 33.33 | 0.00 | 42.86 | 20.00 | 0.00 | 0.00

XXiii



C24 Day25

Table C.24: Confusion matrix of the system on day 25

Predicted
Healthy | -Ca | -Fe | -Mg -N -K | Total :{qec)all
(4
Healthy (D) 1 1 4] 50.00
-Ca 1l 1 2 0.00
Fe L 4] 75.00
Actual [-Mg 1 s, 2 | 50.00
-N 1 - 3| 66.67
-K 3 0.00
Total 4 0 4 7 3 0 18
f;()e)"‘s“’“ 50.00 | 0.00 | 75.00 | 14.29 | 66.67 | 0.00

XX1vV



C.25 Day 26

Table C.25: Confusion matrix of the system on day 26

Predicted
Healthy | -Ca | -Fe | -Mg | -N | -K | Total z{‘;c)all

Healthy i 4] 75.00

Ca 1 1| 0.00

TES 1 4| 25.00
Actual | -Mg 2| 50.00

N 3] 0.00

R sy s 31 0.00

Total 3o 3 T3 0NN\L7

:’ ,;e)c's“’“ 100.00 | 0.00 | 25.00 | 14.29 | 0.00 | 0.00

(4

XXV



C.26

Actual

Day 27

Table C.26: Confusion matrix of the system on day 27

Predicted

Healthy | -Ca | -Fe | -Mg | -N | -K | Total :{,;c)a“
Healthy ] 1 1 i 4 25.00
Ca 1 1] 0.00
“Fe 1 4 25.00
Mg s 2 [ 100.00
N 0 2 0.00
e NINE /L 21 0.00
Total 1270 N1 0 NN\I5
:’;e)c‘s"’“ 100.00 | 0.00 | 33.33 | 20.00 | 0.00 | 0.00
0

XXVi




C.27 Day 28

Table C.27: Confusion matrix of the system on day 28

Predicted
Healthy | -Ca | -Fe | -Mg | -N | K | Total :f;}‘;a“

Healthy 1 4| 75.00

Ca 31 0.00

“Fe s T 36667
Actual | -Mg 1 Py 3| 66.67

N oy 1] 0.00

K v 21 0.00

Total 55 g 2 ST 1] O0NN16

P(;e)c‘s“’“ 60.00 | 0.00 | 100.00 | 25.00 | 0.00 | 0.00

(4)

XX Vil





