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Configuration Manual: A Deep Learning-Based
System for Plant Disease Detection and
Classification in Arabica Coffee Leaves

Harshitha Poolakanda Somanna
x22150366

1. Introduction

This document provides details on the hardware and software components that are
used in building A Deep Learning-Based System for Plant Disease Recognition and
Classification in Arabica Coffee Leaves. The steps for setting up, creating, running,
and testing this research using the suggested framework are discussed in this manual.

2. Hardware Specification.

Table 1. Hardware Specification

Hardware Used Specification

Operating System

Windows 10 Pro Version 22H2

RAM 16.0 GB
Processor Intel(R) Core(TM) i5-6300U CPU @ 2.40GHz 2.50 GHz
System Type 64-bit operating system, x64-based processor

3. Software Specification

Table 2. Software Specification

Software Used Version
Anaconda Navigator 2022.10
Python 3.9.13

4. Required Libraries

Table 3. Libraries Used

matplotlib fuzzywuzzy
numpy warnings
pandas random
tensorflow PIL
seaborn imblearn
cv2 keras
itertools tensorflow_addons
pathlib




import
import
import
import
import
import
import
import
import
import
import
import
import

pandas as pd
numpy as np
seaborn as sns

4%
itertools
pathlib
warnings
as

random
time

EC

matplotlib.pyplot as plt
matplotlib.image as img

from IFython.display import markdown, display

from PIL import Image

from random import randint
warnings.filterwarnings{'ignore')
imblesrn. over_sampling import SMOTE

from
from
from
from
from

sklearn.
sklearn.
sklearn.
sklearn.

import keras|
from sklearn.utils import shuffle

from tensorflow import keras

from keras import Sequential

from keras import lavers

import tensorflow as tf

import tensorflow_addons as tfa

from tensorflow.keras.preprocessing import image_dataset_from_directory
keras.utils.vis_utils import plot_model

from
from
from
from
from
from
from
from
from
from
from
from
from

tensorflow.keras

tensorflow.keras.
tensorflow.keras.
tensorflow.keras.
tensorflow.keras.
tensorflow.keras.
tensorflow.keras.

model_selection import train_test_split

metrics import matthews_corrcoef as MCC

metrics import balanced accuracy score as BAS

metrics import classification_report, confusion_matrix, accuracy score

import Sequential, Input

utils import to_categorical

layers import Dense, Dropout,sSeparableconwzD, activation, BatchMormalization, Flatten, Globalaveragerc
layers import ConwzD, Flatten

callbacks import ReduceLROnPlateau,EarlyStopping, ModelCheckpoint

preprocessing.image import ImageDataGenerator as IDG

preprocessing.image import ImageDataGenerator

sklearn.metrics import accuracy score, precision_score, recall_score, f1_score, plot_confusion_matrix

tensorflow.keras
tensorflow.keras
tensorflow.keras
tensorflow.keras

5. Dataset

import layers, models, optimizers, callbacks

.applications import Fobiledetyz, Inceptionys, WeGle, Efficientwetwvzs

.models import tModel

.layers import Input, add, mverageroolingzD, Dense, avgPoolzD,EBatchMormalization, Relu, DepthwiseConwzr

Fig 1. Importing the required libraries

The dataset is available in the kaggle website and is free to download without any
permission. Dataset consists of 58,405 images representing five classes, Phoma (6571
images), Cescospora (7681 images), Rust (8192 images), Healthy (18983 images), and Miner
(16978 images).
Link: https://www.kaggle.com/datasets/noamaanabdulazeem/jmuben-coffee-dataset

i kaggle.com fdatasets/noamaanabdulazeemjmuben-coffee-dataset
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Q. Search

JMuUBEN Coffee Dataset

Arabica coffee leafl dataset for disease detection

Data Card

MOAMAAN AEDUL AZEEM - UPDATED A YEAR AGO

Code (0)
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& Download {811 MB) H
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Discussion {0}

About Dataset Usability
4.38

JMUBEN dataset will help researchers 1o be able 10 test the accuracy of their deep learning models without License

spending much time going to the field for data collection. The Arabica dataset [JMUBEN} contains images that are Unknown

useful in training and validation during the utllization of deep learning algorithms used n plant disease recognition

and classification.

Expected update frequency
Nt specifled

The dataset contains leaf images which were collected from Arabica coffee type and it shows five sets of images.

In total, fifty efght thousand five hundred and fifty five (58,555} Images of Arabica coffee leaves are included in

Tags

this dataset. Each image is 128x128.



https://www.kaggle.com/datasets/noamaanabdulazeem/jmuben-coffee-dataset

5.1 Data Pre-Processing

The dataset is resized to a size of 128*128 and stored in a separate folder.

& input directory

input_dir = r'cCihvUsershadmintDocumentsiCoftee leawves \JMUBEN'

# output directory

output_dir = r'CoUsershadminyDocumentsiCoffee leawves \ JMUBEN_resized’

if mot os.path.exists{output_dir):
os.makedirs {output_dir)

# ClLosses
classes = ['Healthy', 'tdner', 'Leaf rust', 'Cerscospora', 'Fhoma']

# Torget size
IMG_SIZE = (128, 128)

for class_name in classes:
class_input_dir = os.path.join{input_dir, class_name)
class_output_dir = os.path.joinf{output_dir, class_name)
L crepting owtput directory for the closs
if mot os.path.exists(class_output_dird:
os.makedirsiclass_output_dir)

# Iterote throwgh the Files in the closs airectorny
for filename in os.1istdir{class_input_dir):
if ftilename.endswith('.jpg'h:
# Laogding ond resizing the imoge
img path = os.path.joindclass_input_dir, filename)
img = Image.openiimg_path)
img = img.resize(IMG_SIZE)

# Soving the resized imoge to the outpwt airectory
output_path = os.path.join{class_output_dir, filename)
img.save{output_path)

print{"all images hawve been resized and sawved to the output directory.")

Fig 2. Resizing the images to 128x128 size

The dataset is iterated over three sets of data for all five classes and is inturn split into train,
test and validation set for all five classes in the ratio 0.7, 0.2 and 0.1 respectively.

input_path = r'CivUsersioadminsDocumentsiCoffee leaves \IMUBEN_resized’
output_path = r'CivUsersiadminiDocumentshCoffee leaves' IMUBEN_resized split’

if os.path.exists{output_path):
shutil.rmtresf{output_pathd

for 1 im range{z):
os.makedirsif"{output_path}se<perimenti+13}")

split_folders = os.listdir{output_path)
for 1 in range(z):

split_folder = f"{output_path}/split folders[i]}"
splitfolders.ratio{input_path, output=split folder, seed=1zz7+i, ratio={a.7, @.1, .20

Fig 3. Splitting the dataset into 3 experiments and also into train, test and val set and storing
in a separate directory for all 3 experiments.

6. Implementation of the Model
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A series of steps is carried on for implementing the model and the steps are as follows

6.1 Setting the Hyperparameters

batchsize = 22
imagesize = (128, 12=)
labes = &

inputchape = (128, 12, 2)
numberctEpochs = 2@
patience = 2@

Fig 4. Setting the Hyperparameters

6.2 Function to calculate computational complexity

def computational_romplexity{model_ht_path):
model = tf.keras.models.losd model{model hS_path)
flops = tf.profiler.experimental.profile{model, options=tf.profiler.experimental.FrofilegptionBuilder.flost_operation))
gflops = flops.total_float_ops / 1e2
return gflops
Fig 5. Code snippet to calculate computational complexity

6.3 Function for Model evaluation and Model Progress

: def model_progressi{history, path, i):

acc = history.history["acc"]
wal_acc = history.history["val_acc"]

loss = history.history["1oss"]
wal_loss = history.history["wal_loss"]

epochs = range{l, len{acc) + 1)

plot_graph{epochl, acc, "Train", wal_acc, "walidation", "Train and walidation Accuracy", “Epochs", “"accuracy”, path, "ac
plaot_graph{epochs, loss, "Train", wal_loss, "walidation", "Train and walidstion Loss", "Epochs", "Loss', path, "Loss", 1

return lendacc)

o def model_svalustiondy true, y_pred):
accuracy = accuracy scorely true, ¥ pred)
fl = f1_score{y_true, y_pred, average="welghted")
precision = precision_score(y true, y pred, average="weighted")
recall = recall_scorefy true, y pred, average="weighted")

return accuracy, 1, precision, recall

Fig 6. Code snippet to for mode progess and model evaluation

6.4 Saving the metrics in a .csv file



def metrics_evaluation{total_params, gflops, epochs, training time, accuracy, f1, precision, recazll, 1, path, model_name):

metrics = o
"Experiment": stri{i},
"Total Params": total params,
"GFLOFS": pflops,
"Epochs": epochs,
"Training Time (sechi": training time,
"Test accuracy": accuracy,
"Test F1 Welghted": 1,
"Test Precision Welghted": precision,
"Test Recall Weighted": recall

¥

df_new = pd.DataFrame{dsta=[metrics])
file_path = f'{path}/metrics_{model_name}.csw"

if mot os.path.exists{path):
os.makedirs{path)

if os.path.exists{file pathh:
df = pd.read _cswi{file_path)
df = df.append{df_new, 1gnore_index=True)
df.to_cswifile path, header=True, index=False)
else:
of_new.to cswitile path, header=True, index-False)

Fig 7. Code snippet for metrics evaluation

6.5 Generation of confusion matrix

def confusion_matrix_scorer{model, class_names, test_generator, v true_test, path, model_name, i):

class estimator:
_estimator_type =
classes_= []

def _ init_ (self, model, classes):
self.model = model
self._estimator_type = "classifier”
self.classes_ = classes

def predict{self, =):
y_prob= self.model.predict (x)
w pred = y prob.argmadaxis=1)
return v_pred

classifier = estimator(model, class_names)

cm = plot_confusion_matrix({estimator=classifier, x=test_pgenerator, y true=y true test, xticks_rotation=is, cmap:"B]ues"D
cm. & .set_title{f"confusion matrix - {model_name}")

cm.ax_.set_xlabel{"Predicted labels")

cm.ax_.set_xticklabels{class_names)

cm.a_.set_vlabel("True labels")

cm.a_.set_vticklabels{class_names)

file_path = f"{path}/{i}-Confusionmatrix.jpg"
plt.savefigi{file_path, dpi=11%, bbox_inches="tight"}
plt.close()

plt.clfil

Fig 8. Code snippet to generate confusion matrix

6.6 Generating the dataframe



def data image_peneratoritrain_dir, wvalidation_dir, test_dir):

train_datagen = ImageDatatenerator{rescale=1. /2050
validation_datagen = ImageDataGeneratori{rescale=1./255)
test_datagen = ImageDataGenerator{rescale=1.72c5)

train_generator = train_datagen.flow_from directory
train_dir,
target_size=imagesize,
batch_size-hatchsize,
class_mode="categorical™)

validation_pgenerator = walidation_datagen.flow from directary
validation_dir,
target_size-imagecize,
batch_size=batchsize,
rlass_mode="categorical")

test_pgenerator = test_datagen.flow from directory
test_dir,
target_size=imagesize,
batch_size=1,
class_mode="categorical”,
shuffle = False)

return train_generator, vwalidation_pgenerator, test generator

Fig 9. Code snippet to generate train, test and val dataframe

6.7 Model implementation for CNN

def cnn{input_shape={12s, 128, 23, num_labels=S):
model = models.Sequentiall)

# onmvolutionel Lavers

model. add{layvers.Conv2biz2, (5, 5}, input_shape=input_shape, activation='relu', name="conwzd_1"3)
model. addlavers.maxPoolingzDipool_size={z, 3}, name="ma<_poolingzd 1"3)

model. addlavers.ConvzDizz, (3, 3), activation="relu', name="conwvzd 2"3)

model. addlayvers..maxPoolingznipool_size={z, 2, name="ma{_poolingzd 2"3)

model. add{layers.Conv2D{ed, (2, 2}, activation='relu', name="conwzd ="}

model . add{layvers..maxPoolingzDi{pool_size={2, 2}, name="ma<_poolingzd 2"}

# Flotten Laoyver
model. addlavers.Flatten(name="f1atten_1"4}

# Dense Lagyers

model. add{layers.Denseft1lz, arctivation="relu'}}

model . add{layvers.Dropout (3. 253

model. add{lavers.Densefnum_labels, activation='socftma<'))d

return model

Fig 10. Code snippet for CNN implementation

6.8 Model implementation for MobileNetV2



¢ def mobilenetwz():
mobilenetwz = tf.keras.applications.mobileNetyz(
input_shape=INFUT_SHAFE,
alpha=1.a,
include top=True,
weights=Hone,
input_tensor=Hone,
pooling="max",
classes=NUM_LABELS,
classifier_artivation=Hone)

last = mobilenetwz.lavers[-z]

¥ = layers.Flatten(){last.output)

¥ = layers.DenseiS12, activation="relu") {x}

predictions = lavers.Dense(M_LABELS, activation="scftmax"){x)

mobilenetw2 architerture = models.Model{mobilenetvz.input, predictions)
return mobilenetvz_architecture

Fig 10. Code snippet for MobileNetV2 implementation
6.9 Model implementation for VGG16

def vggle():

# Logd pre-troined WBoic modgel without top Laovers
vegle = tf.keras.applications. wagles
include top=False, # Set to Folse to exclude the top Lovers
welghts=NDne, #& Use pre-troined weights
input_tensor=Hone,
input_shape=INPUT_SHAFE,
pooling='max', & Use ‘mox’ paoling
classes=NW_LABELS, # Number of closses in youwr clossificotion tosk
classifier_artivation=Hone)

# Freere the Lavers of the pre-troined G626 madel
for layer in vggle.lavers:
layer.trainable = False

# et the owtput of the Lost comvelutionol Laver in LBGI6
last = wggle.output

# FLotten the output
¥ = layers.Flatten{) (last)

# Add @ dense Laver with 532 wnits ond fell octivotion
¥ = lavers.Dense(clz, activation="relu"){x)

# Add the Finol dense Loyer with the number of closses ond softmox octivotion
predictions = layvers.Dense(MU_LABELS, actiwvation="scoftmax")(x)

# Cregte 0 paw model with Wee26 g5 the input and the custom dense Lavers
veEle architecture = models.model (vggle.input, predictions)

return vggle architecture

Fig 11. Code snippet for VGG16 implementation

6.10 Model implementation for EfficientNetBO



def efticientnet():
efficientnet = tf.keras.applications.Efficientietea
include_top=Fal=e,
welghts=None,
input_tensor=Hone,
input_shape=inputsShape,
pooling='max', & or ‘oug’ For overoge pooling
classes=labes,
rlassifier_artivation=Hone)

last = efficientnet.get_laver{index=-1)

¥ = layers.Flatten() {last.output)

¥ = lavers.Dense(clz, activation="relu"){x)

predictions = lavers.Dense{labes, activation="scftma<") (X}

efficientnet_architecture = models.Model{efficientnet.input, predictions)
return efficientnet_architecture

Fig 12. Code snippet for EfficientNetBO implementation

6.11 Model Compilation

The steps required for model compilation for CNN is shown in the code snippet. The same
follows for EfficientNetB0, VGG16 and MobileNetV2.

for 1 in range{1, 4):
print(f">> EXPERIMENT {i}"}

model_architecture = cnn()

model_architecture.compilefloss="categorical_crossentropy”, optimizer=optimizers.rMsprop(learning rate=a.0004),
metrics=["acc"])
madel_architecture.summary()

# Troining model ond verifying troining time
print{f"%n:: Training {model_name} model for Experiment {i}...")
beginning = time.timel)

history = model_architecture.fit(
train_generator,
steps_per_epoch=16G,
epochs=EFOCHS,
validation_data=validation_generator,
validation_steps=t@,
callbacks=[csv logger, early stopping, model_checkpoint],
verbose=a}

end = time.time()
training_time = end - beginning

# Sowving the best modsel
model_architecture.save{f"{artitacts_folder }/{model_name} exp{i}.hs"}
print{f"Best model for {model_name} saved for Experiment {i}.")

# Getting GFLOPT
gflops = pet_gflops(f"{artifacts_folder}/{model_name} exp{i}.hs")

# Model progress

model_evaluation_path = £"{evaluation}/{model_name}"

total_epochs = model_training progressi{history, model_evaluation_path, 1)
print{t"Progress model for {model_name} sawed for Experiment {1}.")

# looding model architecture ond weights

model_architecture_json = model_architecture.to jsond)

model_architecture = tf.keras.models.model_from_json{model_architecture_json)
model_architecture. load weights (f"{checkpoints_path}/checkpodint_{model_name}")|



# Testing model

print{f"wnTesting {model_name} model for Experiment {i}...")
STEFP_SIZE_TEST = test_generator.n /f test_pgenerator.bateh_size
test_generator.reset()

v _pred
v_pred

model_architecture.predict{test_generator, steps=STEP_SIZE_TEST, wverbose=1)
np.argmax(y_pred, axis=1)

# Mopping predicted integers to Lobels
labels = {train_generator.class_indices)
labels = dict{{walue, key) for key, walue in labels.items{))

y_pred = [labels[element] for element im y_pred]
y_true = test_generator.filenames
y_true = [element[:element.find{' /'] for element in y_true]

# Extroct Lobels from adirectory homes in Filenomes
y_true = [filename.split({""\"}[@] for filename in test_generator.filenames]

total_params = model_architecture.count_params ()

# Evoluating model and soving metrics

accuracy, 1, precision, recall = evaluate modelly true, v pred

metrics_evaluation{total_params, gflops, total epochs, training time, accuracy, f1, precision, recall, 1, model_eval
print{"Mmodel ewvalusted.")

# Plotting confusion motrix
class_names = os.listdir{test_dir)

# Debug Lobel extroction
true labels = []

threshold = &3

for filename im y_true:
match, score = process.extractOnedfilename, labels.walues{), scorer=fuzz.token_set ratio)
if score := threshold:
for key, walue in labels.itemsi):
if filename == walue:
true_labels.appendikey)
break

v _true = w true[:len{true labels)]

print{"Length of ¥ true:", leny_true))
print{"Length of true_labels:", len{true_labels})

confusion_matrix_scorer{model_architecture, class_names, test_penerator, true_labels, model_ewalustion_path,
model_name, 1)

print{"confusion matrix saved.")

primt{"n%nin"}

# Timing For each experiment

experiment_end = time.time()

experiment_time = experiment_end - total_beginning

print{f"\nx> Experiment {1} completed. Total time for Experiment {1}: {experiment_time:.=f} seconds.wn™)

# Timing for the entire Loop

total_end = time.timed)

total_time = total_end - total beginning

print{f"wn:» all experiments completed. Total time for all experiments: {total_time:.2f} seconds.sn")

Fig 13. Code snippet for model compilation of CNN



# Timing for the entire Loop
total _beginning = time.time()

for 1 im rangel, 4):
print{f">> EXPERIMENT {1i}")

# Creoting and campiling madel
model_architecture = mobilenetvz()

model_architecture.compilefloss="categorical_crossentropy”, optimizer=optimizers.rvspropilearning rate=a.o@64),
metrics=["acc"])
model_architecture. summary )

# Troining medel ond verifying troining time
print{f"sn>» Training {model_name} model for Experiment {i}...")
beginning = time.timef)

history = model_architecture.fit(
train_generator,
steps_per_epoch=1@&,
epocNs=EPOCHS,
validation_data=validation_generator,
validation_steps=ta,
callbacks=[csv logger, early stopping, model_rheckpoint],
verbose=a)

end = time.timeq)
training time = end - beginning

# Soving the best model
model_architecture.save(t"{artifacts_folder}/{model_name} exp{i}.h5")
print{f"Best model for {model_name} sawved for Experiment {i}.")

# Getting 6FLEPS
gflops = get_gflops{f"{artifarcts_folder};/{model_name} exp{i}.hc")

# mModel progress

model_evaluation_path = f*{evalustion}/{model_name}"

total_epochs = model training progressihistory, model_evalustion_path, i)
print{f"Frogress model for {model_name} saved for Experiment {i}.™)

Fig 14. Code snippet for model compilation of MobileNetV2

# Timing for the entire Loop
total_beginning = time.time()

for i im range{1, 4):
print{f":» EX{PERIMENT {i}"}

# Crepting ond compiling model
model_architecture = wggle()

model_architecture.compilefloss="rategorical_rrossentropy”, optimizer=optimizers.rMspropilearning rate=a.aaa4),
metrics=["acc"]}
model_architecture. summary)

# Troining model ond verifying troining time
print{f"wn»» Training {model_name} model for Experiment {if...")
beginning = time.time()

history = model_architecture.fit(
train_generator,
steps_per_epoch=1&,
epochs=EFOCHS,
validation_data=validation_generator,
validation_steps=5e,
callbacks=[csy_logger, early stopping, model_checkpoint],
verbose=a)

end = time.timef)
training time = end - beginning

# Soving the best model
model_architecture. save(f"{artifacts_folder}/{model_name} exp{i}.hs")
print{f"Best model for {model_name} sawved for Experiment {i}."})

# Getting GFLOFPS
gflops = get_pflops(f"{artifacts_folder /A model_name} exp{i}.hc")

# Model progress
model_evalustion_path = £"{ewzluation}/qfmodel_namel"

total_epochs = model_training progressihistory, model_ewaluation_path, 1
print{f"Progress model for {model_name} saved for Experiment {i}.")

'Fig 15. Code énibpét for model compilation of VGG16
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# Timing jar the entire Loop
total_beginning = time.timel)

for i in range(1, 4):
print{f">> EXPERIMENT {i}")

# Crepting and compiling model
model_architecture = efficientnet()

model_architecture.compilefloss="categorical_crossentropy", optimizer=optimizers.RHsproplearning rate=5.0804),
metrics=["acc"])
model_architecture. summary ()

# Troining madel ond verifying troining time
print{f"wn>» Training {model_name} model for Experiment {if...")
beginning = time.timef)

history = model_architecture.fity
train_generator,
steps_per_epoch=186,
epochs=EPQCHS,
validation_data=validation_generator,
validation_steps=ca,
callbacks=[csv logger, early stopping, model_checkpoint],
verbose=4)

end = time.time)
training time = end - beginning

# Soving the best model
model_architecture.save{t"{artifacts_folder }/{model_name} exp{i}.hs")
print{f"eBest model for {model_name} saved for Experiment {i}.")

# Getting GFLOPS
gflops = get_gflops{t"{artifacts_folder} {model_name} exp{il.hc")

# mMadel progress

model_evaluation_path = £"{evaluation} fmodel_name}"

total_epochs = model_training progress{history, model_ewaluation_path, 1)
print{f"FProgress model for {model_name} sawed for Experiment {Ii}.")

Fig 16. Code snippet for model compilation of EfficientNet

6.12 Model Training

»» Training cnn model for Experiment ...
Best model for cnn saved for EXperiment 2.
Progress model for cnn saved for Experiment =.

Testing cnn model for Experiment z...

11685 /11885 [ 1 - 7as ems/Sstep
model evaluated.

Length of v true: 11e8c

Length of true_labels: 11es5

11685 F11685 [ 1 - 735 emsSstep
Confusion Matrix saved.

»» Experiment 3 completed. Total time for Experiment 3@ 3456.49 seconds.

Fig 17. Model training progress for CNN
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»» Training mobilenetwz model for Experiment z...
Eest model for mobilenetwz sawved for Experiment =.
Progress model for mobilenetw2 saved for Experiment 2.

Testing mobilenetwz model for Experiment 2...

1168511685 [

] - 2e@s zzmsistep

Metrics saved to CSW:
Experiment Total Params GFLOPS Epochs  Training Time (sec)

5] E]

2916421 B.6E274E e LLL2.8772375

Test accuracy Test Fl Weighted Test Precision Weighted

5] B.324347

B.153388 B.1ALES

Test Recall Weighted

5]

B, 23294347
Model evaluated.

Length of v _true: 11esc
Length of true_labels: 11E2C

1168511655 [

] - 2595 22msistep

Fig 17. Model training progress for MobileNetV2

This PC > Documents » Coffee leaves » CHM_Ewaluation » efficientnet

~

e

Marne Date Type Size Tags
@ 1-&ccuracy 12/474023 137 P IPG File 25 KB
@ 1-Confusionbdatriz 124472023 142 Ph JPG File 15 kB
[=] 1-Lass 127472023 1:27 Pr IPG File 24 KB
[#] 2-Accuracy 12/472023 4:47 Pra IPG File 25 KB
@ 2-Confusionbdatriz 12/4/2023 5112 P IPG File 5 kB
@ 2-Loss 12/4/2023 447 P IPG File 23 kB
@ I-Sccuracy 12/474023 B:30 PM IPG File 2B KB
@ 3-Confusionbdatriz 124472023 202 PhA JPG File 15 kB
=] 3-Lass 127472023 830 Prd IPG File P
@ metrics_efficientnet 12/772023 12:35 &k hicrosoft Office E... 1KB

Fig 18. Path where the evaluation metrics are saved
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Train and Validation Loss

Train and Vasdation ACCuraly

e — p—

”
—TXT
.

J
J

Fig 19. Training and Validation curve per epoch run for EfficientNetB0
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training_efficientnet - MNotepad

File Edit Format “iew Help

7,8.9684374928474426 ,0, 6097534805 14691492 , 8, 98562568286 162295, 8, a4 11561 78766290145
8,8.9787499921632568, 0, 86433556228876114, 3, 876250@02861682295 ,0, 5387 102365493774
9,8.9758374856948853, 6. 67946079224348868 , &, 9806249737 739563, 8. 852649229764938354
16,8, 979687511926929, 6. 6637686994655 676166, 6. 961256057 1525574 8. 15218361362991333
11,8.9834374785423279,8.65214463174343169, 8, 9518756802354 16858, 8. 67520622243261337
12,8.9840624928474426,0. 66266667693853378,0,9043749904632568, 0., 02052235738635063
13,8.9868749976158142,0_ @d5811768621266284 , 6. 94687497615581421 ,8. 122499339328251266

14,6.98624998331065995, 0, 06357642262174057 , 0. 999374035 65948853, 0. 002929365 1497311638
15,8.9966258233418579,0. 029737275605379387,1.6,0,. 818181585 128758533

16,8, 9812562622604 37,0, 03889693692326546, 0, 99624997 37739563, 0, 018625270575 284958
17,8.9918267 260654968, 0, 03589746864438065 7,0, 9943749964632568, 9. 91211214 1586848153
18,0.9921875,0.602427575173444 3855 , 0, 9095000084 7633716, 0. 813630625879704557
19,5.99466248331096995 , 0, 023554337089194527 0, 931875002384 1855, 0. 687534685711166332
28,8,9946874976158142,0.01712872857955475 ,0,9951250166593005 , 0. 80684 3435799679279
21,8,9937499761581421,0, 01996073617 115593 ,0, 9825 000166893005 , 0, 686892955085 16891
22,8,9956250156734563, 0. 0148537 752095213945 , 8. 9937495761581421, 0. 819133625 736326163
23,0.95%406243331665895 , 0. 62034 172974526882 ,0, 97750002 14576721, 0. 18694215244654754
24,8,99893125 1665893065 ,0.03475423529744145 ,0, 995 1250166593005 , 0. 883962012087 532527
25,8,995312511926929, 6, 012386067 77465 185, 0, 9993749556948853, 0, 0069387 159183527665
26,8,9984375238418579,0,08500175592363276,0, 99574997 13897705, 0, 061936596003 35 16163
27,8.992812514305 1147, 0. 625295116728663445 ,1. 68,0, 000536876738828522
28,8,9971874952316284 , 0., 0298395 14276424343 1 0, 9951250166893065 , 0. 811381645494171143

29,8,995312511926929, 6, B156897628005931593, 8, 9997256819687 34863, 8. @165 1392877 1818952

Fig 20. Model training progress for every epoch run saved as a .txt file for EfficientNetBO
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