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Abstract

Overpopulation and the modernization of the world has given the agriculture
section a big hit and in a big need of an upgrade. It all started in the 90s with the
first tractor but now Al and ML techniques are being used for the productivity and
sustainability of the sector. Nowadays, it's being used for seed classification
purposes to help understanding the crops and seeds even for the person who will
plant them in his own backyard.
This research will be similar to the study presented here [12] but it will use a
different database containing multiple types of seeds which will have gone
through a research and data augmentation. In this research a CNN model will be
used for the classification.
These are the key points of this research:
e Conduct a seed classification by using a model to multiple variations of seeds
instead of one kind of seed which was used in previous studies.
e Use CNN model which will be finetuned to optimize time and accuracy of the
model.
e Show analytically the methods used.
¢ Make the model ready for use for other classification methods and or multiple
devices.

Key Words: CNN, Machine learning, Deep Learning, Image Seed Classification, Plant
Recognition
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Introduction and Related Work

Introduction

The primary sector of production has )
been and continues to be the World Population
backbone of the production process meededm”dPOP“’aﬁO"“"ﬁ’Z’w

and at the same time the necessary
" . 1990 "#ﬂﬂ H
precondition for the existence of the “ b|II|on

secondary and tertiary sectors. The

need to grovide goodi directly from 2 *"m“m b|II|on
nature without any processing,
treatment or transformation has never
ceased to exist and therefore the
primary sector is the main source of

LA ﬂ'ﬂﬁﬂ"ﬂﬁ"i b|II|on
50 FiipAtARARRARRRRRAR] oiic-
income for a large part of the world’s  FEET) *ﬂmﬂm#"""ﬂ b],},;fn

population.
One of the main pillars of the primary Birii e ,;,—»i“';iu

Source: Unit s Department of Economic ci \
Produced lations Department of Public

sector is agriculture. Itis considered to
have played a key role in the growth of Ima}ge 1 The population growth the last 30 years and
the population and its cultural UN's prediction for the future in 2015

evolution through the food surpluses it

created. Variations in climate, culture and technologies used have been some of
the main factors in the evolution of agriculture over the centuries. Whereas, for
example, in the Neolithic period when it first appeared it was a way of life, it has
now clearly taken on a commercialized character. The type of production and its
guantities are based exclusively on market needs, while the simultaneous
introduction of new technological methods and scientific knowledge into the
production process have exponentially increased the quantities of each harvest.
However, the rapid growth of the world’s population seems to be a barrier even
for the already increasing global production. At the same time, a new problem
seems to arise, that of the sustainability of agricultural production. Population
growth has the direct consequence of reducing the available arable land, with the
result that world production is beginning to decline year by year. More than a
century has passed since the introduction of the first agricultural tractor (tractor)
and the new technological methods adopted in the past seem to be inadequate.
Thus, in recent years, innovative industrial technologies based on artificial
intelligence and machine learning have started to be introduced in agriculture in
order to improve productivity. At the same time, by controlling the environmental
impact of any agricultural activity, food security and sustainability for the near and
distant future can be achieved.

In addition to industrial agriculture, many people choose to grow their own grain
or vegetables in their gardens. However, the separation of seeds and the

Deep Learning Methodologies for Plant Recognition
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selection of the most ideal of them based on climatic conditions and not only
requires knowledge that not everyone who decides to take up farming is able to
have. This gap is filled by a fully automated system capable of identifying and
classifying different types of seeds.
With the introduction of Al with its Machine Learning and Deep Learning
capabilities more and more research has been constructed to find the best
possible solution for a seed classification. Different types of seeds were used
(e.g., weed seeds[2],cottonseeds[3], rice seeds [4][5], oat seeds[6], sunflower
seeds[7], tomato seeds[8] and corn[9,10]) with different types of ML and DL
techniques (DT[3][8], MLP[3][10], Naive Bayes[3][8], ANN[8], KNN[4][8], LB[10],
RF[10], BN[10], SVM[4], CNN[4]), getting good results and being used in areas
of the global agricultural market.
Lastly, with studies comparing DL techniques and proving CNN is the best seed
classifier when its image based [4], more and more studies are researching for
the optimal setting and result using CNN [11][12].
This Thesis will follow the previous research and will try and optimize and improve
some of the results. Goals of success will be as follow:

e Better accuracy and less loss in our results

e Use different type of seeds for a more complex seed classification
e Ease of use

e Friendly for implementation in a mobile environment

e Extra goal: Capable for use in other areas of the primary sector

Deep Learning Methodologies for Plant Recognition 10
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Related Work

Al has helped the agriculture sector in many ways solving various problems while
being costless, high performance driven and flexible. Image processing was
introduced a decade ago [12] for seed and crop classification. Different ML and
DL methods were used to extract features for object identification and
classification.

Studies used cotton seeds for their machine learning models. It was and still is
the most used crop in the field. They created their own dataset of pictures of
cottons through their different stages of life and tried to use ML techniques for
seed classification They used a decision tree classifier and MLP which had an
accuracy of 98.7% and Naive Bayes classifier which had an accuracy rate of
94.22%. They also took into account the time taken of their training models and
the MLP took 1000x more than the other 2 models to fully be trained. Their
conclusion was that the decision tree classifier would be the best ML model that
would increase the cotton productivity and help with its seed classification
because of its minimal time of building, minimal errors and high accuracy rate. [3]
Other studies used tomato seeds while extracting features because of their vigour
and germination. They tried to extract features and parameters from the same
picture and not by the position of the seeds or their area. Algorithms that were
used were artificial Neural Networks (ANN) which had an precision rate of 95.44%
and were also best accurate of 0.9722 with a time of 13 seconds of training, Naive
Bayes (NBC) of 87.89% and 0.9535, k-nearest neighbors (KNN) of 91,66% and
0.9307, decision tree (DT) of 93.66% and 0.9569 and support vector machines
of 93.09% and 0.9498. Their proposed algorithm was ANN with an incorporation
of MLP for a complete automated system for the classification of the germination
of the tomatoes. [8]

One study studied corns for its seeds classification. Corn is used as much as
cotton does and has multiple variations. They used different types of corn and
tried to extract a hybrid set of features from it. In order to achieve their seed
classification, they used ML techniques such as Multilayer perceptron (MLP),
LogitBoost (LB), Random Forest (RF) and Bayes Net (BN). They also used a
method called 10-Fold Cross Validation and their results were 98.83%, 97.78%,
97.22% and 96.67% for using MLP, LB, RF and BN respectively. For each of their
experiments the results were similar with MLP topping the tables. Their results
are solid because of their achievement of extracting hybrid features which would
help each classifier equally. Their only comment was that their dataset should
have included sunlight factors which disrupted some of their results. [10]

For Deep Learning methods, which are more complex and can extract the
smallest details, studies have shown Convolutional Neural Networks
outperforming KNN and SVM models. A study used rice to create its own seed
classification. Their first discovery was that the more examples they used the
better their classifiers performed. That's because the more examples there are,
the more different type of features combinations and feature values you can
extract from those sets. Between the classifiers the KNN performed the worst

when the number of samples increased, while SVM and CNN models, even
. ____________________________________________________________________________________________________|
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though they started to be similar, on higher sample numbers CNN outperformed
the SVM model. CNN had an accuracy rate of 88.6% and 87.0% on their training
and test set respectively. Their comment was that in the future more variety of
rice crops should be used for their classification. [4]

Recently, a study created its own database of pictures and used CNN as their
core Deep Learning technique for the classification. Its dataset concluded of 12
different seeds and not by a single type like before. They were very successful
with an accuracy rate of 99.6% through the first 40 iterations. Their biggest
drawback was the time it took the model to complete the training(67h).[12]

We will try to improve that model while making it easier to be used widely, ready
for mobile use and less time consuming.

Deep Learning Methodologies for Plant Recognition 12
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CNN Networks

CNN Networks

Artificial neural networks are made up of neurons which are positioned in different
layers. Each neural network contains an input layer, one or more hidden layers,
and an output layer. The nodes are all connected to each other. Each connection
has an associated weight and threshold. Convolutional Neural Networks are a
subclass of these neural networks. They are a particular version of multilayer
perceptrons, which are neural networks with multiple layers of neurons.
Convolutional Neural Networks are used specifically for images and they allow
the programmer to encode certain properties and assign importance to various
characteristics for the images. These properties make the learning process more
efficient as it helps in an easier differentiation between images as well as reduce
the number of parameters of the network.

The architecture of a convolutional neural network is adapted compared to
regular neural networks. Since the input of the neural network consists of images,
the information inserted is in three dimensions since it contains the width of the
image, the height of the image as well as information concerning the colors of the
image. Thus, each layer of the network has neurons arranged in 3 dimensions
(width, height, depth). Thus “Every layer transforms the” three-dimensional input
volume to a” three-dimensional “output volume of neuron activations.” There are
three main types of layers in the architecture of such a neural network.

Deep Learning Methodologies for Plant Recognition 13
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The Convolutional Layer...

The convolutional layer is the first layer of extraction which takes input features
of the image by taking data from squares of pixels. Its taking the image matrix
which gives the width, the height and the dimension (In our case the RGB
numbers). Then it takes a filter matrix (also known as a kernel), which needs to
be smaller than the actual image, which will go through the whole image. By
rolling through the whole image, and multiplying the matrix’s together, there will
be a new matrix created, also called a Feature Map. There are 2 options to
configure our kernel to move on our image:

Strides

Strides are the number of pixels the kernel will move through the image. If the
stride is one the kernel moves one pixel at a time (Image 1). If its 2 pixel the kernel
will jump 2 pixels and will create smaller output volumes.

=

L
R|lololr |

=

OlRr|kR|=L|O

=

=

= e [ =
IO OO

olo|o

Convolved

Image
& Feature

Image 2 CNN with a stride of 1
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Padding

When the kernel doesn’t exactly fit on the image then we have the options:
» Add zeros to the picture until the kernel fits (Zero Padding).

= Or drop the part of the image where the kernel doesn’t fit (Valid Padding).

Image 3 How Padding Works (Zero Padding)

Deep Learning Methodologies for Plant Recognition 15
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Pooling Layer

The Pooling Layer is periodically inserted in between successive convolutional
layers. Its function is to progressively reduce the spatial size of the representation
to reduce the amount of parameters and computation in the network, and hence
to also control overfitting. There are 2 types of pooling:

e Max Pooling: While the filter is moving across it selects only the pixel with
the biggest value to the output array. This is the most common used
method

e Average Pooling: While the filter is being moved across, calculation are

being done to find the average value inside the field, which will be sent to
the output array.

Input tensor\

(4x4)

Image 4 Visual Application of Max Pooling

Deep Learning Methodologies for Plant Recognition 16
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Fully Connected Layer

Lastly, the network also has a Fully-Connected Layer where neurons have full
connections to all activations in the previous layer, which is the same as the case
of regular neural networks. Its work is to extract the features from previous layers
and classify them. Also, Convolutional and Pooling layers use the ReLu function,
FC layers use the softmax function to classify the inputs.

Convolution Neural Network (CNN)

Input Output

Pooling Pooling Pooling

Horse

Zebra
Dog
SoftMax
Convolution Convolution  Convolution "’I;Etr:\git:;ﬂ
+ + + /.
Kernel RelLU RelU RelU Flatten
Layer ‘
| Fully |
-
~——————Feature Maps——————— onnected
Layer
Feature Extraction Classification Probabilistic
Distribution

Image 5 Full Visualization of a Convolutional Neural Network
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Formulas

Convolutional Layer
The convolutional layer accepts an input of size:

WixH1xD1 (2.6.1)
It will need four parameters:

e Number of Filters K
e Spatial extent F

e Stride S

e Zero Padding P.

And it will produce an output of:
W2xH2xD2(2.6.2)
Where:
o W2=(W1-F+2P)/S+1 (2.6.3)

o H2=(H1-F+2P)/S+1 (2.6.4)
« D2=K(2.6.5)

Parameter Sharing
In order to control the number of parameters being used through the training of
the CNN there is a scheme that’s called parameter sharing. That’s happening
because the number of parameters would increase dramatically and make our
NN way slower and insufficient to calculate our weights. For example, if we had
an output of 55x55x96 that are connected to a 11x11x3 input that would give
us:

e 55x55x96=290,400 neurons

e 11x11x3=363 weights +1 bias

e 290400*364=105,705,600 parameters only in the first layer of CNN

Clearly that number is way too high. By using a method called depth slice, we
could constraint the neurons to have the weights and bias. For our example
above, if we used 96 slices of size 55x55 we would have 96 unique set of
weights. That would give us 96*11*11*3 = 34.848 Unique weights + 96 biases
for a total of 34.944 parameters. (approx. 3000x smaller amount).

Deep Learning Methodologies for Plant Recognition 18
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Why use a CNN instead of other Deep Learning Algorithms?

The Convolution network is much superior to other Feed Forward Nets because
its less time consuming. The pre-processing is much less than before because of
linear Algebra, specifically matrix multiplication, which is used to recognize and
analyze patterns in an image. Its biggest drawback is that it may use a lot of
computational power, primarily from the GPU but also from the CPU.

Deep Learning Methodologies for Plant Recognition 19
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K-Fold Cross Validation

K-Fold Cross Validation

In this project we will be using a process called k-fold cross validation, which is
used for better evaluation of the machine learning model used. In k-fold cross
validation, the procedure followed involves shuffling the data randomly and
splitting the dataset into groups. The number of groups used is defined by the
parameter k. Then the following process is repeated k times. On every repetition
a different group out of all the groups of data is kept as a test set. The neural
network is then trained using the rest of the groups and then it is evaluated using
the test set. Thus, each sample is used as a test set one time and as a part of
the training set k-1 times.

Dataset

- =

Training Test

Training Test Training

Training Test Training

Test Training

Image 6 Visualization of a 4-Fold Cross Validation
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Dataset description

Dataset description

Our Dataset was taken from this datasethtips://vision.eng.au.dk/plant-
seedlings-dataset/ which had 12 folders of seeds containing different images of
the same seed. In particular we used V2 for our experiment because of the
accuracy of the results.

Table 1 Index of the Dataset

Seed Folder Number of Images
Black Grass 309
Charlock 452
Cleavers 335
Common Chickweed 713
Common wheat 253
Fat Hen 538
Loose Silky-bent 762
Maize 257
Scentless Mayweed 607
Shepherd’s Purse 274
Small-flowered Cranesbill 576
Sugar beet 463
Total 5,539

Deep Learning Methodologies for Plant Recognition 21
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Experiment

Experiment

The experiment was done on a high end Desktop computer which included a
AMD Ryzen 5600x, 32GB of Ram and an Nvidia RTX3070 GPU (latest at the
time of the experiment) running on Windows 10 Professional. The Programming
Language that was used is Python 3.8 and its Keras 2.4.3 library which was the
best option for our experiment. We tried using PyTorch but we kept running into
issues. Furthermore, the program was run in Jetbrains’s App of PyCharm which
the University of Pireaus kindly provided us a free license.

Code

Underneath is the code that was used to run our model. First will be shown all
the libraries that got implemented. Some of them are natively inside Python’s
library, some needed to be downloaded manually.

import itertools

import os

import tkinter as tk

from tkinter import filedialog

import cv2
# Plot Images
import matpletlib.pyplot as plt
import numpy as np
| from sklearn.metrics impert confusion_matrix
from sklearn.model_selection import KFold
# Encoding and Split dote inte Train/Test Sets
from sklearn.preprocessing import LabelEncoder
from tensorflow.keras.layers import Dense, Dropout, Flatten, Conv2D, MaxPooling2D
# Tensorflow Keras CNN Model
import tensorflow as tf
from tensorflow.keras.models import Sequential
from tensorflow.keras.optimizers import Adam
\ from tensorflow.keras.preprocessing.image import ImageDataGenerator
from tensorflow.keras.utils import to_categorical

Image 7

After that, we are starting by asking the user where to get our dataset from with
tkinter and the filedialog expression. During the experiment it was already saved
on the same folder as the program but using the before-mentioned method is a
lot more User-Friendly.

root = tk.Tk()
root.withdraw()

folder_dir = filedialog.askdirectory()

save_dir = 'Save models/®'
Image 8
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Nonsegmented | Nons c;mcnt:j/ Save models

older: | Nonsegmented

Select Folder

Image 9

After we have implemented our dataset the program will start searching inside
the folder and the name of its subfolders. Doing that its saving the names of the
classes (and plants) which will be used to be trained. While its searching through
the folders and saving its picture by adding it to the array, every one of them is
getting a pre-process by resizing it and having the right colors.

for folder in os.listdir(folder_dir):
for file in os.listdir(os.path.join(folder_dir, folder)):
if file.endswith("JPG") or file.endswith("png"):
label.append(folder)
img = cv2.imread(os.path.join(folder_dir, folder, file))
if img is not None:
img_rgb = cv2.cvtColor(img, cv2.COLOR_BGR2RGB)
im = cv2.resize(img_rgb, (SIZE, SIZE))
data.append(im)
else:

continve

folder_Llist = []

for folder in os.listdir(folder_dir):

folder_list.append(folder)

print(folder_list)

data_arr = np.array(data)

label_arr = np.array(label)

encoder = LabelEncoder()

y = encoder.fit_transform(label_arr)

y = to_categorical(y, len(folder_list))

¥ = data_arr / 255

Image 10

MyKFold = KFold(n_splits=Folds, shuffle=True, random_state=len(folder_list))
currentfold = 1
for train, test in MyKFold.split(X, y):

Image 11
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In order to save our models for further use we will just call a definition which will

create our model name according the Fold we are in.
def get_model_name(k):

return "model_' + str(k) + '.h5'
Image 12

We will continue with creating our model by creating our fully connected layers,
our kernels and pool layers. We used the default kernel size of 3,3, multiple layers
to make our model as accurate as possible and a pool size 2,2. In order to get
our 1-D array of numbers down to the amount of Classes the Seeds that are used,
we used the Flatten function and the activation functions of ReLu and softmax.

model = Sequential()
model. add(COHUZD(fllters 64, kernel_size=(3, 3), padding='Same', activation='relu', input_shape=(SIZE, SIZE, 3)))

# model.odd(MoxPooling2D(pool_size=(2, 2)J))

model.add(Conv2D(filters=128, kernel_size=(3, 3), padding='Same', activation='reluv'))
model.add(Conv2D(filters=128, kernel_size=(3, 3), padding='Same', activation='relu'))
model.add(Conv2D(filters=128, kernel_size=(3, 3), padding='Same', activation='relu'))
model.add(MaxPooling2D(pool_size=(2, 2)))

model.add(Flatten())

model.add(Dense(128, activation='relu'))
model.add(Dense(o4, activation='relu'))
model.add(Dropout(rate=0.5))
model.add(Dense(len(folder_list), activation="softmax"))

Image 13

datagen = ImageDataGenerator(
rotation_range=20,
zoom_range=0.20,
width_shift_range=8.3,
height_shift_range=0.3,
horizontal_flip=True,
vertical_flip=True)

model. cumplle(optlnlzer Adam(learning_rate=0.6001), loss='MeanSquaredError', metrics=['accuracy'l)

checkn - Kk c collbacks. ModelCheckpoint( 1 namelcurrentfold) sove best onlu=True
checkpoint tf.keras.callbocks.ModelCheckpoint(s ael_name(currentyold), save_best_only=irue,

harke 1iet = [rharknnint]
Loacks_L1sT = [checkpolnt)

batch_size = 32

epochs = 28

history = model.fit(datagen.flow(X[train], y[train], batch_size=batch_size),
epochs=epochs,

validation_data= (x[test] yltest]),

i"r

verbosezl)
Image 14

After trying numerous ImageDataGenerators found online we used the most
accurate one which also had the most basic features. Because we are using that
image generator and succeeding an image augmentation, we are avoiding having
an overfitment. Other features of the code will be talked in the Results page with
their results.
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loss = history.history['loss']
val_loss = history.history['val_loss']
epochs = range(l, len(loss) + 1)

plt.plot(epochs, loss, color='red', label='Training loss')
plt.plot(epochs, val_loss, color="green', label='Validation loss')

plt.title('Training and validation loss')
plt.xlabel('Epochs')

plt.ylabel('Loss')

plt.legend()

plt.show()

acc = history.history['accuracy']
val_acc = history.history['val_accuracy'l]

plt.plot(epochs, acc, color='red', label='Training acc')
plt.plot(epochs, val_acc, color="green', label='Validation acc')

plt.title("Training and validation accuracy')
plt.xlabel('Epochs')

plt.ylabel('Loss"')

plt.legend()

plt.show()

print("on valid data")

predl = model.evalvate(X[test], y[test])
print("accuracy"”, str(predl[1] * 100))
print("Total less", str(predl[e] * 1680))

y_pred_class = np.argmax(model.predict(X[test]), axis=1)
confusion_matrixP = confusion_matrix(np.argmax(y[test], axis=1), y_pred_class)

Image 15

Lazaros Filippakos
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128 # To get better visual of the confusion matrix:

129

130 def plot_confusion_matrix(cm, classes, normalize=False):

131 # Add Normalization Option

132 title = "Confusion matrix {}".format(currentfold)

133 if normalize:

134 cm = cm.astype("float") / cm.sum(axis=1)[:, np.newaxis]
135 print("Normalized confusion matrix")

136 else:

137 print("Confusion matrix, without normalization")

138

139 # print(cm)

148 plt.figure(figsize=(8 % 2, 6 % 2))

141 plt.imshow(cm, interpolation="nearest", cmap='Blues')

142 plt.title(title)

143 plt.colorbar()

144 tick_marks = np.arange(len(classes))

145 plt.xticks(tick_marks, classes, rotation=45)

146 plt.yticks(tick_marks, classes)

147

148 fmt = ".2f" if normalize else "d"

149 thresh = cm.max() / 1.5 if normalize else cm.max() / 2

150 for i, j in itertools.product(range(cm.shapel6]), range(cm.shapel[1])):
151 if normalize:

152 plt.text(j, i, "{:0.4f}".format(cm[i, j1),

153 horizontalalignment="center",

154 fontsize=8,

155 color="white" if em[i, j] > thresh else "black")
156 else:

157 plt.text(j, i, "{:, }".format(cm[i, j1J,

158 horizontalalignment="center",

159 fontsize=8,

160 color="white" if cm[i, j] > thresh else "black")
161 plt.tight_layout()

162 plt.ylabel("True label")

163 plt.xlabel("Predicted label")

164 plt.show()

165

166

167 plot_confusion_matrix(confusion_matrixP, folder_list, normalize=Truve)
168 currentfold += 1

169

Image 16
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Experimental Results

Experimental Results

Our experiments goal was to try and hit our biggest score and hit our highest
accuracy of our training model on the testing set. In order to achieve that we had
to test a few variables, especially the most important ones. First and foremost we
focused on the number of Folds that we could use to split our data and have our
best result. And we also wanted to test the amount of epochs that we need to
achieve our goals. The goal is to reach an accuracy of 85-90% with the minimum
time needed to achieve that goal. We started with our Kfold Cross Validation
because that’s the most consuming element of our code as it starts a new training
which each fold. Those were done with 20 epochs each.

Underneath you will find our results of our experiments. We focused on showing
our accuracy, our loss and a confusion matrix heat map. While scrolling through
them, watch carefully the lines of our accuracy and loss through each epoch that
the neural network is getting trained at. Other hint of how good our neural network
is performing will be the confusion matrix heat map which shows which seeds are
having the correct output. The darker blue the diagonal line gets, the better.
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0.04 4 0.3
0.03 1 0.2
T T T T T T T T T T T T T T T T
2.5 5.0 75 100 125 150 17.5 200 2.5 5.0 75 100 125 150 17.5  20.0
Epochs Epochs

10FoldTVL(Fold5) 10FoldTVA(Fold5)

Confusion matrix 5

10
Black-grass { 0264 ooow0 om0 oo 000 006sa 00000 o000 0G0 000N 00000
charlock | 80000 oo 00222 00N 00G0 00000 OGO 000D 00222
Cleavers{ 09090 o000 o000 ooos  oom0  oooon oo ooom0  oozms 08
Common Chickweed | 09030 0000 00O 00RO 0OAD OGR4I 00RO 01321 00980
Commonwheat| 00741 oo aorl oo o2 aowe  0ow0  Gowe  oawo 000l 000
06
FatHen] o0 @iz oser  awor  ooow
2
P
g
= Loose Silky-bent | 00755 00000 00000 ao1se ooiss
04
Maize| 900%  oow® 0000 wersy  noooo
Scentless Mayweed | 00000 ooz o2 o oooo
Shepherd's purse | 09 o0 000 aoo  ooooo .
Small-flowered Cranesbill o000 00800 Q0000 00133 00000
Sugarbest{ 00000 002  00STL 00000 000%0
—Loo

@p‘“" f 0,“’& &

Bradictad lahal

10FoldCM(Fold5)

Image 28 - 10Folds Fold5
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MSc Thesis Lazaros Filippakos

Training and validation loss Training and validation accuracy
—— Training loss —— Training acc
—— Validation loss —— Validation acc
0.07 4 0.7
0.6 1
0.06
0.5
« «
& &
3 0.05 3
0.4 1
0.04 4 0.3 4
0.034 0.2
T T T T T T T T T T T T T T T T
2.5 5.0 75 100 125 150 17.5 200 2.5 5.0 75 100 125 150 17.5  20.0
Epochs Epochs
Confusion matrix 6
10
Black-grass oooo0  0.0a00 ool o oawa | 02963 | 00000 00000 0000 00000 0030
Charlock | 20000 o000 0ob00  0oms1 00900
Coavers | 000w ooz o oo oum 08
Common Chickweed { 0903 a0z cos  oo13  00a00
Common wheat { 01034 Gose  00b00 00000 00900
06
Fat Hen ocoo 00392 00000 01569 00196
z
3
2
= Louse Silky-bent | 01139 0000 00000 apoon o080 apoon aa0oa no121 o012
04
Maize { 99090 00455 00000 00000 noose
Scentless Mayweed | 00080 oovi0 00900 0zs4s  ooow
Shepherds purse | 09090 cooo0  aoa0o a0 oeos -
Small-flowered Cranesbill { 29090 o000 Q0000 LETS o0a0
Sugarbeer { 09000 oo 00d00 aos0  ooomo
—Lloo

Bradictad lahal

10FoldCM(Fold6)
Image 29 - 10Folds Fold6
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MSc Thesis

Training and validation loss

Lazaros Filippakos

Training and validation accuracy

—— Training loss —— Training acc
—— Validation loss 0.7 4 — Validation acc
0.07 4
0.6
0.06
0.5
« «
g g
0.054
0.4 1
0.04 4 0.3
0.2 4
0.034
T T T T T T T T T T T T T T T T
2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0 2.5 5.0 7.5 10.0 125 15.0 17.5 20.0
Epochs Epochs
Confusion matrix 7
10
Black-grass | 99000 oooo0  ooss2 aosss 0176 00204 00000 oosss 00000 0024 00000
Charlock | 80000 e aooon  peoa o000 cooo0  0oex 0000 00204 coss 0020
Cleavers{ 99090 a3 ooor  oeoso aoc0n oo ooz ooave oosa1 vorr0  oozno 05
Common Chickweed | 0903 00000 0000 oooi0 00000 o3 00000 oossa 0000
Common wheat{ 20090 00000 00478 coos0 00000 01908 00000 coos0 00900
06
FatHen | oo0m coiz6  oomst aons o0 03404 coom0 oo 330 oso00 ooy comst
3
]
2
= Louse Silky-bent { 00000 0000 00000 anizz no122 oa2as
04
Maize { 99090 00800 00000 oos0  noose 0000
Scentless Mayweed | 00080 ooz 00000 aos oo 00000
Shepherds purse | 09090 cooo0  aoa0o a0 oeos ao0a s
Small-flowered Cranesbill { 20000 oo oo our oo asoon
Sugarbest { 20000 oos77  oo7es  aoooo 00000 00000
00

@pe" of# o‘ﬁ"

Image 30 - 10Folds Fold7
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MSc Thesis

Training and validation loss

Lazaros Filippakos

Training and validation accuracy

—— Training loss —— Training acc
—— Validation loss 0.7 1 — Validation acc
0.07
0.6
0.06 4
0.5
« «
& &
] ]
0.05 4 0.4
0.3 q
0.04 4
0.2
0.03 1
T T T T T T T T T T T T T T T T
2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0 2.5 5.0 7.5 10.0 125 15.0 17.5 20.0
Epochs Epochs
Confusion matrix 8
10
Black-grass { 02010 oooo0  0.0a00 0000 01000 o887 00000 0887 00000 cooo0 00900
Charlock { 20000 e aooon  peoa o000 coos0 00000 0196 o000 0o 00000
Cleavers{ 0000 0193 ooor  oeoso aoc0n oo 0oa00 w03z ez o000 00900 08
Common Chickweed | 99090 00000 00137 ooe2z 00000 oosss  0od00
common wheat | 20000 00000 0oa0  asoon 00000 coos0 00900
06
FatHen | oo0m o179 00000 aows oso00 oo oomrr
z
]
2
= Loose Silky-bent | 0o0 00000 a0a00 ao127 o000 00127 a0a00
04
Maize { 99090 03704 00000 00370 ooose 00370 00000 | 03333 20000 0000 vazzz  0oo
Scentless Mayweed | 00000 oo 0od00 0000 ooaz owos  aols2 00800
Shepherd's Purse { 00000 cooo0  aoa0o a0 oeos ao0a coot0  aoa0o 0
Small-flowered Cranesbill { 29090 oarss Q0000 apsan o000 LE o000 00000
Sugarbest { 20000 onze o 0000 00000 o3z oooi0 00195
—Loo
& &
&f f&“ &
& i

Image 31 - 10Folds Fold8
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MSc Thesis

Training and validation loss

Lazaros Filippakos

Training and validation accuracy

0.075 1 —— Training loss —— Training acc
—— Validation loss 079 — validation acc
0.070
0.6
0.065
0.060 1 054
w «
v 0.055 o
| ]
0.4
0.050
0.045 1 0.3 1
0.040
0.2 4
0.035 4
T T T T T T T T T T T T T T T T
2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0 2.5 5.0 7.5 10.0 125 15.0 17.5 20.0
Epochs Epochs
Confusion matrix 9
10
Black-grass | 02963 oooo0  0.0a00 0000 o2 oun 033 o000 0000 00000 oooo0  aosr0
Charlock | 80000 00000 aooon  peoa o000 cooo0 0070 05000 o000 coos0 a0z
Cleavers{ 99090 03514 | @ams | oo oooo aoc0n cowe 00000 3622 00000 oooo0  oozro 08
Common Chickweed 00000 00000 00000 00513 00000
Common wheat { 20000 co0t0 00400 coos0 00900
06
FatHen | oo0m coss2  oowss coom0  oosas
z
3
2
= Loose Silky-bent { 09811 ooomo  aoavo oo coaoo
04
Maize { 99090 onn 00000 00000 00900
Scentless Mayweed 00000 00303 00152 00152 00303
Shepherds purse | 09090 cooo0  aoa0o a0 oeos ao0a coot0  aoa0o 0000 coot0  aoa0o s
Small-flowered Cranesbill { 20000 cooio  coano o7 oo asoon oo ousor noss
Sugarbest { 20000 0083 00426 00000 00000 o0z oovi0  ooas1 01277
—Lloo
N
e 035! & @“& &8 & a*f « L
i A A & & o
& & &
o o

Bradictad lahal
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MSc Thesis Lazaros Filippakos

Training and validation loss Training and validation accuracy
—— Training loss —— Training acc
—— Validation loss 07— Validation acc
0.07 4 :
0.6 1
0.06 |
0.5
& &
] ]
0.05 4 0.4 1
0.3
0.04
0.2 4
0.034
T T T T T T T T T T T T T T T T
2.5 5.0 75 100 125 150 17.5 200 2.5 5.0 75 100 125 150 17.5  20.0
Epochs Epochs

10FoldTVL(Fold10) 10FoldTVA(Fold10)

Confusion matrix 10

10
Black-grass { 82051 60000 20000 000 01026 00813 20000 000 00000 60000 20000
Charlock { 00080 0280 ano0n 0080 o000 o000 a0280 as2s0 oo260 0280 1000
Cleavers { 00090 00000 00000 00000 0000 ooz 0000 00625 o8
Common Chickweed | 09090 oma3 00000 90000 acon 00000 00000 90000
Common wheat{ £0000 o1000 00500 20000 000 o000 o000 00000
06
FatHen| ooise cre co1se acise ©.o000 oores ooooo cosee coss
2
P
2
= Loose Silky-bent | 09930 o000 0000 acam oo11e aoe oaooa oo11e @.0000
0.4
Maize { 00080 00357 90000 0011 0000 00000 00000 00357 00000 01429 90000
Scentless Mayweed |  0.0000 00000 00000 01231 00000 00308 ao1s4
Shepherd's purse | 20000 o000 0000 aso0n ©0000 ao000 o000 .
Small-flowered Cranesbill | 89000 co6e ooz 1636 ©o000 ooooo anez
Sugarbeet{ ©9090 00000 00000 ao0n 00080 00938 00000
—loo

@E’_q‘ & 035; p {“'z "\z"b é&& & &

Bradictad lahal

10FoldCM(Fold10)
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MSc Thesis Lazaros Filippakos

20 Epoch

20 Epoch

Training and validation loss Training and validation accuracy
0.7
0.075 4 —— Training loss —— Training acc
—— Validation loss —— Validation acc
0.070 0.6
0.065
0.5 q
0.060 1
@ @
3 0.055 4 S 0.4
0.050 4 034
0.045
0.2 4
0.040 4
2.5 5.0 15 10.0 125 15.0 17.5 20.0 2.5 5.0 7.5 10.0 125 15.0 17.5 20.0
Epochs Epochs

20EpochTVL(Fold1) 20EpochTVA(Foldl)

Confusion matrix 1

10
Backgrass | 0391 oo 0000 ooooa  coeo  oows oow0  aooe  oseos  oose  00&s
Charlock | oooe om0 oo oo ooco 000 0000 ooss ooose ool 00000
Cleavers | 00080 042 | ooes  ooo o0 ool 000 000D 000 OIS 00RT7 08
Common Chickweed { 090 oo 0osco 000 000 oo 0000 00 00000 0026 00000
Commonwheat] 02157 oo cosss oo oo | ozss oo cowo  oure oo oo | 03sa
06
fathen] Goom  oun oows ot oo oo cowo 1 oo acsse  olos
z
]
H
= Loose Silky-bent | 00886 no0m0 00000 oo3so noog0 noess 00000 o012z aonoo no1z7 00063
04
Maize| 0000 o167 o000 omss oo omos  ooowo | @4l ooa7 oo 0zom 0000
Scentless Mayweed | 00167 oo oomo  aw oo 0100 o0 00000
Shepherd's Purse | 00 000 G000 Gooo  bowo  asoo oooed 0090 "
smallflowered Cranesbill | 0900 ool como | 0206 ooow  oooto oo 00000
Sugarbeet| 099 0163 ooms  owoo  oowe oo om0 000
—" 00

#’N 0;“’ o“’ﬁa &f & s

& z
y é‘&d“ & Vo“"

Bradictad lahal

20EpochCM(Fold1)
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MSc Thesis

Training and validation loss

—— Training loss
—— Validation loss
0.07 4
0.06
&
]
0.05 1
0.04 4

T T T T T T
7.5 10.0 12.5 15.0 17.5 20.0

Lazaros Filippakos

Training and validation accuracy

0.7 4

—— Training acc
—— Validation acc

T T T T T
7.5 10.0 125 15.0 17.5

2.5 5.0 2.5 5.0
Epochs Epochs
Confusion matrix 2
10
Black-grass | 010M 0000 20000 anz wowrz oz 20000 [ 00000 oz aos17
Charlock { 20000 60000 00000 00000 0263 0000 00000 0263 o263
Cleavers{ 0000 00000 00000 0000 00000 ooesz 00000 00000 o047 05
Common Chickweed | 09090 00000 00000 acosa Q0089 0208 00000 145 0000
Common wheat | 22000 00000 o182 0000 o127y a3091 0508 00000 ao3es 00600 00000 02182
06
FatHen| 0o000 osio o102 acoon 0000
2
P
2
= Loose Silky-bent | 09331 0000 0000 anzes 0000
04
Maize | 90000 01400 90000 ac000 00000
Scentless Mayweed |  0.0000 00000 00231 0000 00000
Shepherd's Purse { 00000 0000 0000 aso00 60000 .
Small-flowered Cranesbill | 89000 cooms 008 [ o000
Sugarbeet{ 0000 00490 00392 0000 00000
—Lloo

Brodictad lahal

20EpochCM(Fold2)

Image 35 - 20 Epochs Fold2
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MSc Thesis Lazaros Filippakos

Training and validation loss Training and validation loss
0.075 1 —— Training loss 0.075 4 —— Training loss
—— Validation loss —— Validation loss
0.070 4 0.070 4
0.065 0.065 -
0.060 0.060 -
B &
3 0.055q S 0.055q
0.050 0.050 +
0.045 4 0.045 4
0.040 0.040 +
T T T T T T T T T T T T T T T T
2.5 5.0 75 100 125 150 17.5 200 2.5 5.0 75 100 125 150 17.5  20.0
Epochs Epochs

20EpochTVL(Fold3) 20EpochTVA(Fold3)

Confusion matrix 3

10
Blackgrass { 097 oo ows  aosw  oos ooy ooooe oo oot ool 0037
Charlock | 80000 oot oo 0ooso  00G0 Qo6 00p0 08217 00109
Cleavers{ °00%° o782 00000 00000 000 oooon oonal oo oozer 08
Common Chickweed | 0903 00000 0000 000 00GGD 0023 00D 00547 00000
Commonwheat| 00178  ooos  oowr o oo8ss  0l071  cowe  aos7  oms  ooole 01280
06
FatHen| oo ooz comm ooms oo o3l 0000 0144 0000 0OS4  O1N6
z
]
2
= Loose Silky-bent | 00000 oot oo amisz  ses2  oe
04
Maize| 00000  ogs2 o000 ooms oo ooms
Scentless Mayweed | 0008 002 oo aoos  oovw  ooses
Shepherd's Purse | 00000 00000 00000 a0 oomo oo .
Smallflowered Cranesbill | 80000 ooms  oceos  oas3  opooss  oaoss
Sugerbeet{ 00000 010 0G0  ool3  oome  ooooo
—Lloo

,
%,
£
A
55.#

Brodictad lahal

20EpochCM(Fold3)
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MSc Thesis

Training and validation loss

Lazaros Filippakos

Training and validation accuracy

—— Training loss —— Training acc
—— Validation loss 0.7 4 — Validation acc
0.07 4
0.6
0.06
0.5
« «
& &
] ]
0.05 1 0.4
0.3
0.04 4
0.2 1
0.034
T T T T T T T T T T T T T T T T
2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0 2.5 5.0 7.5 10.0 125 15.0 17.5 20.0
Epochs Epochs
Confusion matrix 4
10
Black-grass {03875 osas  oaono oo1ss o108 ooz 06000 omass  ooise oo1ss  ooo0
Charlock | 00000 0g000 06000 00000 om0 oot o3 00100
Cleavers{ 00000 00000 00000 o147 omar 00735 00000 00000 08
Comman ChickweedJ 08000 as000 00000 00000 om0 0000 o4 00000
Common wheat | 00000 01007 0e3s 00000 08217 oz oo 00000
06
FatHen | ooo00 o1s3  oorss 00095 aorse 00000 00000 a1 0ozem ooses o108
3
2
Il
H
F Loose Silky-bent | 09186 00000 00000 o124 o248 0mes 00000 00248 00000 00000 00000
04
Maize | 00000 02s00 | ooono oa2us 20000 oa3as ocoooo | ozem 0m00  ooos oams oo
Scentless Mayweed | 00000 ooz ogon 0o4s2 a.o088 ag000 oo3sa 20000 20000
Shepherd's purse { 0900 oswe  omoso 00000 00000 ag000 00000 20000 20000 0
Small-flowered Cranesbill | 09000 ossse  oaoso onn 00000 00900 00000 00000 couss
Sugarbeet| 0000 corr 01845 00087 00087 0s000 00000 o000 077 0087 00388
L—Loo
& 5 s
& o @f & =
S & i R 3 )
o & & & « 8
P & & &
@t & &
o &
& ¢
B

Bredictad lahsal

20EpochCM(Fold4)
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Deep Learning Methodologies for Plant Recognition

48



MSc Thesis Lazaros Filippakos

Training and validation loss Training and validation accuracy
—— Training loss —— Training acc
—— Validation loss 079 — validation acc
0.07 4
0.6 1
0.06
0.5
& &
] ]
0.05 4 0.4 4
0.3
0.04
0.2 4
T T T T T T T T T T T T T T T T
2.5 5.0 75 100 125 150 17.5 200 2.5 5.0 75 100 125 150 17.5  20.0
Epochs Epochs

20EpochTVL(Fold5) 20EpochTVA(Fold5)

Confusion matrix 5

10
Black-grass | 03080 0000 ooz 000 san o0e0s 03636 00000 000 00000 0000 00455
Charlock { 00080 o000 o000 26000 anoon o000 0280 aoars
Cleavers { 09090 00000 00000 00000 vorzs omas 0000 00290 08
Common Chickweed | 09090 00000 00000 90000 oo 00000 onss 90000
Common wheat{ £0000 1333 o222 20000 0222 o000 o000 Ly
06
FatHen| o008 o144 ool acoms cooms c.0000 00000 01228 ooooo oy c1s78
2
P
2
= Loose Silky-bent | 0137 o000 0000 anoe3 otar ooses
0.4
Maize { 00080 o104 90000 aozr7 0000 oo217
Scentless Mayweed |  0.0000 00458 00220 ao1s3 00076 00000
Shepherd's purse | 20000 o000 0000 aso0n ©0000 ao000 -
Small-flowered Cranesbill | 89000 coaso ©cas0 acsen ©o000 ooooo
Sugarbeet{ 09000 01646 00506 00000 0000 0253
—Lloo

Brodictad lahal

20EpochCM(Fold5)
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MSc Thesis Lazaros Filippakos

50Epochs

50Epochs

Training and validation loss Training and validation accuracy
—— Training loss 0gd — Training acc
—— Validation loss . —— Validation acc
0.07 §
0.7
0.06 1
0.6
@ 0.05 @ 0.5
3 3
0.044 0.4 4
0.3 1
0.034
0.2
0.02 4
0 10 20 30 40 50 0 10 20 30 40 50
Epochs Epochs

50EpochTVL(Fold1) 50EpochTVA(Foldl)

Confusion matrix 1

10
Blackgrass { 01886 000 000 0000 coIe  00odo 00000 aooon oot oolse 00154
Charlock ocoo 0.0000 00096 opasy 00000 00182 a.0es
Cleavers |  ©900 0000 90000 ac33m omes 0000 00000 08
common Chickweed 00000 00000 00000 o150 00000 00075 00900
Common wheat | 80382 aosss  oolss  ools  0ooo  ooono 0olse
06
Fatten] o0 coms  oows  amm  ooow oot 000 mewe 00000 0126 00370
z
]
g
= Loose Silky-bent | 00283 o000 00000 nozsa oooo0
04
maize | 00000 ooom  oooc0  ocon oo
Scentless Mayweed | 00000 oo 0000 omsen  nooeo
Shepherd's purse | 900 000 como  amoo  oooas .
small-flowered Cranesbill { 09090 ooose  como  0iim  ooom
Sugerbeet{ 00000 0w 0000 o0 noooe
—" 00

@E’_q‘ & 035; p & "\z"b é&& & &
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MSc Thesis Lazaros Filippakos

Training and validation loss Training and validation accuracy
—— Training loss 0sd Training acc
—— Validation loss i —— Validation acc
0.07 4
0.7 4
0.06 0.6 4
@ 0.054 w031
]
0.4
0.04 4
0.3 4
0.03 021
0.024 T T T T T T 0.14 T T T T T T
0 10 20 30 40 50 0 10 20 30 40 50
Epochs Epochs

50EpochTVL(Fold2) 50EpochTVA(Fold2)

Confusion matrix 2

10
Black-grass | 927 cooo0  coo00 oms o17s omnz | osen | oo 0w o000 oo oo
Charlock | 80000 0526 0000 00000 o000 o000 00826 05000 o000 coos0 oo
Cleavers{ 90000 o000 oozs 08
Common Chickweed { 09089 oovEs 00000
Common wheat 0.0000 00000 00000
06
Fat Hen ocoo 00612 00306
z
]
2
= Loose Silky-bent { 01128 oo coooo
04
Maize | 90000 0000 00900
Scentless Mayweed | 00000 oom ood00
Shepherd's Purse { 00000 cooo0  aoa0o a0 oeos ao0a coot0  aoa0o 0000 coot0  aoa0o 0
Small-flowered Cranesbill 00000 00000 Q0000 00336 00000 ooos4 Q0000 02269 oo1se
Sugor beet{ 0000 00980 00430 0o 0o0se omss 00000 oozse oosoz
—-=" 00

'l

£
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MSc Thesis Lazaros Filippakos

Training and validation loss Training and validation accuracy
—— Training loss —— Training acc
0.07 —— Validation loss 0.8 4 — Validation acc
0.7
0.06
0.6 1
0.05 4
& 205
] s"
0.04 4
0.4
0.03 4 0.3 4
0.02 0.2 4
T T T T T T T T T T T T
0 10 20 30 40 50 0 10 20 30 40 50
Epochs Epochs

50EpochTVL(Fold3) 50EpochTVA(Fold3)

Confusion matrix 3

10
Blackgrass | 03988 coom  oows oo oone  omsr 0000 oo osose  ocose oo
Charlock | 00000 aoos 0027 ac27 oo ooseo  ooar
Cleavers{ 09090 ooos  oomo  omez  omal ooom  oom0 08
Common Chickweed { 29000 000l 00WB G023 00O 0O07E 00000
Common wheat | 00178 aomsr  oowre  oona  oowms 000 00we
06
FatHen] o0 ooas oo oo ooow ool oos @D Q00 0o odse
2
P
g
= Louse Silky-bent | 0os30 00000 00000 20000 00076
04
Maize| 900%  oows 0000 opoo  ooooo
Scentless Mayweed | 00010 oooss  oooss  aoisa ooy
Shepherd's purse | 09 o0 000 aoo  ooooo W
Smal-flowered Cranesbill | 09090 Dooso om0 apean  oooss
Sugorbeet{ ©000 0Ol 0oL 0oo0 oo
—-= 00

'l

£
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MSc Thesis Lazaros Filippakos

Training and validation loss Training and validation accuracy
—— Training loss 084 —— Training acc
0.074 —— Validation loss —— Validation acc
0.7 4
0.06 -
0.6 1
@ 0.054 2 0.5
] ]
0.04 0.4
0.3
0.034
0.2 4
0.024 T T T T T T T T T T T T
0 10 20 30 40 50 0 10 20 30 40 50
Epochs Epochs

50EpochTVL(Fold4) 50EpochTVA(Fold4)

Confusion matrix 4

10
Black-grass | 01875 0000 00000 ae1se Lren) ooe2s 00000 [ 00000 0000 00000
Charlock { 290090 0300 ast00 oo 0200 00400
Cleavers { 09090 00000 01324 ooz94 0000 00000 08
Common Chickweed { 09000 o013 01477 00000 00000 90000
Common wheat{ £0000 20000 apass o000 o000 00000
06
FatHen| o008 EreTy 00 ooooo cozms cost
2
P
2
= Loose Silky-bent | ©oes7 o000 0000 anoez o000 oazaa 20000 o oaooa o000 @.0000
0.4
Maize { 00080 00385 90000 00000 0000 oo3es
Scentless Mayweed |  0.0000 00000 00000 0088 00000 077
Shepherd's purse | 20000 o000 0000 asoon ©0000 ao000 o
Small-flowered Cranesbill { 29090 coom3 0000 00 ©o000 ooes
Sugarbeet{ 09000 00000 20000 00000 0000 o874
—Loo

Brodictad lahal
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MSc Thesis

Training and validation loss

Lazaros Filippakos

Training and validation accuracy

—— Training loss 08 —— Training acc
—— Validation loss . —— Validation acc
0.07 4
0.7
0.06 4
0.6 1
o 0.054 i 0.5
] ]
] ]
0.4
0.04 4
0.3 1
0.034
0.2
0.024
0.1
T T T T T T T T T T T
0 10 20 30 40 50 0 10 20 30 40
Epochs Epochs
Confusion matrix 5
10
Black-grass | 03038 0000 20000 aco00 1667 aorsa [ 20000 o152 00000 0000 20000
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Table 2 Results of 2-Fold

2Fold Accuracy | Total loss
Fold 1 50.69 5.32
Fold 2 69.45 3.89
Average 60.07 4.61
Table 3 Results of 5 Fold
5Fold Accuracy | Total loss
Fold 1 70.85 3.51
Fold 2 74.19 3.23
Fold 3 65.70 4.03
Fold 4 69.95 3.54
Fold 5 66.58 4.09
Average 69.45 3.68
Table 4 Results of 10 Fold
10 Fold Accuracy | Total loss
Fold 1 66.43 4.11
Fold 2 73.10 3.18
Fold 3 77.98 2.61
Fold 4 76.53 3.09
Fold 5 72.56 3.07
Fold 6 68.59 3.60
Fold 7 71.66 3.32
Fold 8 74.01 3.13
Fold 9 70.76 3.51
Fold 10 75.59 2.96
Average 72.72 3.26
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Table 5 Results of 20 Epochs

20 Epoch Accuracy | Total loss
Fold 1 66.16 3.94
Fold 2 72.47 3.25
Fold 3 69.95 3.70
Fold 4 71.57 3.42
Fold 5 70.73 3.40

Average 70.18 3.54

Table 6 Results of 50 epochs

50 Epoch Accuracy | Total loss
Fold 1 82.04 2.25
Fold 2 79.24 2.54
Fold 3 85.47 1.80
Fold 4 80.96 2.44
Fold 5 82.66 2.00

Average 82.07 2.21

Table 7 Results of 100 Epochs

100 Epoch | Accuracy | Total loss
Fold 1 89.44 1.32
Fold 2 91.79 1.05
Fold 3 90.52 1.23
Fold 4 85.74 1.54
Fold 5 87.17 1.57

Average 88.93 1.34

Table 8 Times of Each Configuration

Configuration Time
2 Fold 7 min 22sec
5 Fold 22min 55sec
10 Fold 50min 20sec
20 Epochs 23min 17sec
50 Epochs 1hr 13min 31sec
100 Epochs 1hr 51min 37sec
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Review of The Results

Review of The Results

After multiple configurations we finally obtained a solution. First of all, when we
tried the 2-Fold configuration we saw a pattern where the 15t Fold wasn'’t really
successful. That's why it gave us such a low average score of 60%(Table 2),
which is way below our average score of 69% and 72% of our 5 and 10-Fold
respectively(Table 3 & Table 4). Even though 10 Folds gave us better results and
more consistent with its runs, it was very time consuming. So that’s why we stuck
with 5 Folds for our Epoch Configuration. Even though we would lose accuracy
and loss, we believed we could gain that back with the number of Epochs used
for each Fold.

Our Epoch Configuration gave us the result we expected and with quite high
marks. First, we started by using a baseline of 20 Epochs and based on the
results up our number. 20 Epochs gave us an average of 70% Accuracy (0.7%
better than our Fold Configuration) which is quite a way off our target of
85%(Table 5). After raising the number of Epochs to 50, we had an average score
of 82%, which is close but not enough for our target (Table 6). We do have to
mention that one of our folds did reach 85% but we couldn’t accept a 1/5 of the
results given. Then, we tried to double that number to 100 and check the results.
100 Epochs gave an average of 88.93% (Table 7), way above the target, with all
Folds consistently having above 85% accuracy and some even getting above
90% (Folds 2 &3).

We also took into consideration the criteria of time running of our tests to check
what was best for the future and what was the actual improvement (Table 8).
Basically, when upping the number of Folds, looked like its more time consuming
than upping the number of Epochs. Between the 5 and 10-Fold there is 2.2 times
increase of time but from 50 to 100 Epochs there is a 1.5x increase of time.

Last mentioned, through all of our tests we had an inconsistency from our Black
Grass being predicted as an Loose Silky Bent for reasons unknown to us, but its
% kept getting lowered when we started reaching higher accuracy percentages.
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Conclusion and Future Work

Conclusion and Future Work

Even though we reached our target of 85-90% it would still be desirable to
improve the accuracy of our results by implementing a more layered CNN
Network or just by increasing the number of epochs in each fold. It should be
mentioned that the code provided is also easily modified to accommodate
classification of other photos, not just of plants. But in order to achieve that, the
database provided needs to include a large amount of pictures. While testing our
model with databases containing a very small number of pictures (3 for each
plant), the trained model wasn’t providing accurate results. Instead, it was
providing rather random results. That’s why we didn’t include it in our results. Last
but not least, code is simple and used in Python which some could later
implement in an Mobile app.
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