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Configuration Manual

Rakhi Ashok Sonkusare

1 Introduction

The below configuration manual gives an overview of all the required hardware and soft-
ware configurations for the code run and provides step-by-step guidance for the required
dataset upload and relevant code changes to execute the models and obtain results.

x20122314

2 System Specifications

2.1 Hardware Configurations

The code implementation is done on Windows 10 with 64-bit operating system and an

Intel(R) Core(TM) i5-10210U CPU @ 1.60GHz 2.11 GHz processor and 8 GB of RAM.

The Graphics Card (GPU) is NVIDIA GEFORCE RTX 2060.
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Device specifications

IdeaPad 5540-15IML D

LAPTOP-MERTICF8

Intel(R) Core(TM) i5-10210U CPU @ 1.60GHz 2.11 GHz
8.00 GB (7.83 GB usable)
7954E00D-D1D2-4409-B7E3-C6091CFEE46D
00327-35907-03182-AA0EM

64-bit operating system, x64-based processor
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Windows 10 Home Single Language

21H1

06/12/2020

19043.1348

YX00XR2Y

Windows Feature Experience Pack 120.2212.3920.0

Figure 1: Hardware Configurations




2.2 Software Configuration

We have used Python 3.7 version for writing the code for this research. The code was
implemented and run using Jupyter notebook on the Anaconda Navigator. The execution
of deep learning models require a dedicated GPU for faster execution and thus, we used
the Google Colab IDE which is a cloud-based open-source publicly accessible platform
that enables the users to execute Python code and provides free GPU and TPU. It also
allows saving the outputs of the code for easy sharing.

2.2.1 Anaconda Navigator

1. The Anaconda Navigator was installed from the Anaconda Individual Edition through
the link: https://www.anaconda.com/products/individual

2. After the installation is completed, we need to set up a new environment through the
Environment tab on the Navigator for TensorFlow and load the required packages.

3. To open the Jupyter Notebook, go to the Navigator and click on the 4th tab as in
Figure [2 to Launch.

) ANACONDA NAVIGATOR

Applications on [ _tensorh

Figure 2: Anaconda Navigator

2.2.2 Google Colab IDE

1. Golab Colab IDE is publicly accessible through the link: https://colab.research.
google.com/7utm_source=scs-index

2. To open or upload a Python notebook, you first need to log in to Colab with a valid
Google account. For this research, we created a new account to use 16GB of the
space for dataset upload and execution of Python code.

3. The Python notebook can be uploaded through the File tab as shown in Figure [3|


https://www.anaconda.com/products/individual
https://colab.research.google.com/?utm_source=scs-index
https://colab.research.google.com/?utm_source=scs-index

3

( Welcome To Colaboratory
File Edit View Insert Runtime Tools Help

Table of content. K +Code +Text @ CopytoDrive
= Table of contents

Q  Getting started

Data science CO What is Colaboratory?

Colaboratory, or "Colab" for short, allows you to write and execute Python in your browser, with

« Zero configuration required

« Free access to GPUs

Section « Easy sharing

Whether you're a student, a data scientist or an Al researcher, Colab can make your work easier.
just get started below!

Figure 3: Google Colaboratory

Packages and Libraries Used for Code Implement-
ation

The code implementation depends upon the installation of appropriate packages that are
available in the Anaconda Navigator. The below packages have been installed using the
pip command for this research:

keras
tensorFlow
numpy
pandas
shutil
matplotlib
sklearn
skimmage

seaborn

Dataset Description

. The dataset is taken from the 8th FGCV Plant Pathology competition available

through the link: https://www.kaggle.com/c/plant-pathology-2021-fgvc8/
data

The dataset is downloaded in Zip format and can be unzipped and used in the local
environment. The downloaded folder consists of two subfolders: train_images and
test_images, and a train.csv file with labels assigned to each training image. The
dataset can be uploaded on Google drive to run on Google Colab. The code is
updated to point the dataset which is explained in the next section [5]


https://www.kaggle.com/c/plant-pathology-2021-fgvc8/data
https://www.kaggle.com/c/plant-pathology-2021-fgvc8/data

5 Steps for Code Execution

For running the Python code on Google Colab IDE, we need to follow two of the pre-
requisites:

1. The dataset needs to be uploaded on Google Drive and then mounted on drive
using the below command.

from google.colab import drive
drive.mount('/content/drive")

Figure 4: Mounting drive on Google Colab

2. Once the drive is mounted, the code should be updated with the directory path to
be able to read the image files and .csv file with labels.

© #1MAGE PATH & DATAFRAME:

TRAIN_PATH = "/content/drive/MyDrive/plant-pathology-2821-fgvc8/train_images™
train_df = pd.read_csv("/content/drive/MyDrive/plant-pathology-2021-fgvcg/train.csv”)

[ 1 from pathlib import Path
dataset_path = Path('/content/drive/MyDrive/plant-pathology-2021-fgvcs")

[ 1 train_df = pd.read_csv(dataset path/'train.csv')
train_df.head()

image labels
0 800113bb65efe69e.jpg healthy

1 8002ch321f8bfcdf.jpg scab frog_eye_leaf_spot complex

2 80070f7tb5e2ccaa.jpg scab
3 80077517781fb94f jpg scab
4  800cbf0ff87721f8.jpg complex

Figure 5: Changing the file directory path

5.1 Baseline EfficientNet-B3 and ResNet152 CNN models Train-
ing
e Once the dataset is available, we use the ImageDataGenerator for image pre-
processing like Resizing the image sizes to 512 * 512 and performing data augment-

ation methods like Rotation, Horizontal Flipping, Shifting, Zooming and Shearing
transformations on 32 images.

e Splitting the train images into training and validation in 80:20 split ratio.

e The models are defined and compiled using Adam Optimizer and trained with a
batch size of 32 and number of epochs as 8.



The models are rebuilt to perform fine-tuning of hyperparameters like learning rate
and the number of units in the Dense Layer. The optimal values obtained for
EfficientNet-B3 are 0.001 for learning rate and 768 number of units, whereas, for
ResNet152, the learning rate is 0.0001 and 512 number of units in the Dense layer.
The models are trained with a batch size of 32 and number of epochs as 8.

tuner = kt.RandomSearch(
modelEfficientnetB3,
objective="val loss',
max_trials=12,
directory = LOG_DIR)

stop_early = tf.keras.callbacks.EarlyStopping(monitor='val_loss', patience=5)

tuner.search(x_train, y_train, epochs=12, batch_size = 64, validation_data=(x_val, y_val), callbacks=[stop_early])

Trial 4 Complete [@oh @3m 22s]
val_loss: 2.3076694011688232

Best val loss So Far: 2.3076694011688232
Total elapsed time: @h 1@m 39s
INFO: tensorflow:Oracle triggered exit

° best_hps=tuner.get_best_hyperparameters (num_trials=1)[e]
print(f"""
The hyperparameter search is complete. The optimal number of units in the first densely-connected
layer is {best_hps.get(‘units')} and the optimal learning rate for the optimizer
is {best_hps.get('learning_rate')}.

)

The hyperparameter search is complete. The optimal number of units in the first densely-connected
layer is 768 and the optimal learning rate for the optimizer
is @.001.

Figure 6: Hyper Parameter tuning for EfficientNet-B3 using Random Search Optimiza-

tion

5.2

Models are saved using checkpoints and reloaded to make predictions on unlabeled
testing data.

Accuracy, Classification report for Precision, Recall and F1-score, Confusion Matrix
is calculated and plots are displayed.

AppleCaps - Capsule Network Model Training

The dataset is mounted on drive and the image files are read. Pre-processing is done
on the input train images like Resizing to 224 * 224 dimension, Gaussian Blurring,
Augmentation techniques like Rotation, Horizontal Flipping, Shifting, Zooming and
Shearing transformations on 1000 images. RGB images are converted to grayscale
images to highlight the features on the leaves.

Defined two convolutional layers, reshaping and squashing function using several
classes.

Decoder is built to calculate reconstruction and margin loss.
Splitting the data into train and validation set in 80:20 split ratio.

The model is trained with a batch size of 32 and number of epochs as 8.

WARNING: tensorflow:From <ipython-input-89-75bcedobi4b6>:11: checkpoint_exists (from tensorflow.python.training.
Instructions for updating:
Use standard file APIs to check for files with this prefix.

Epoch: 1 accuracy: 25.5852% loss: 2.278965 val_accuracy: 25.4863% val_loss: 2.609553(improved)
Epoch: 2 accuracy: 41.7654% loss: 2.208561 val_accuracy: 30.6523% val_loss: 2.109549(improved)
Epoch: 3 accuracy: 58.1542% loss: 2.156423 val_accuracy: 51.7345% val_loss: 2.409537

Epoch: 4 accuracy: 65.4857% loss: 2.129485 val_accuracy: 44.6589% val_loss: 2.29485@(improved)
Epoch: 5 accuracy: 80.2657% loss: 2.109434 val_accuracy: 60.6752% val_loss: 2.185632(improved)
Epoch: 6 accuracy: 84.9156% loss: 2.099431 val_accuracy: 75.2546% val_loss: 2.159951(improved)
Epoch: 7 accuracy: 86.3745% loss: 2.079331 val_accuracy: 87.6845% val_loss: 2.862598(improved)
Epoch: 8 accuracy: 87.0648% loss: 2.062510 val_accuracy: 88.8560% val_loss: 2.84251@(improved)




Figure 7: Output of AppleCaps model

e Accuracy, Classification report for Precision, Recall and F1-score, Confusion Matrix
is calculated and the plots are displayed.

Accuracy Loss

= train_accuracy —

fe——— : — frain_loss
val_accuracy — al_loss

Epoch #

Figure 8: Accuracy and Loss plots of AppleCaps model

6 Prediction Result for AppleCaps model

The trained AppleCaps model is saved and reloaded to make predictions on an unlabeled
dataset.

© predicted_class_indices = np.argmax(pred_caps, axis=1)
print("Predicted class indices:", predicted_class_indices)

labels_dict = ({'scab’ : @, healthy” : 1, "frog eye leaf_spot’ : 2, 'rust’ : 3, 'complex’ : 4, 'poudery_mildew' : 5, 'scab frog_eye leaf spot’ : 6, 'scab frog eye leaf_spot complex’ : 7, 'frog_eye leaf_spot complex’ : 8,1
labels = dict((v,k) for k,v in labels_dict.items())
predictions = [labels[k] for k in predicted_class_indices]
print("Predicted class:”, predictions)

Predicted class indices: [93 1393936996 61]
Predicted class: ['rust frog_eye_leaf spot’, 'rust’, 'healthy’, 'rust’, 'rust frog_eye leaf spot’, 'rust’, ‘rust frog_eye leaf_spot’, 'rust’, 'scab frog_eye leaf_spot’, 'rust frog_eye leaf_spot’, 'rust frog_eye leaf_spot’|

[ 1 from IPython.display inport Inage

Inage(filename="D:\\EFficenthet_Apple\\plant-pathology-2621-fgvcs\\test_inages\\85f8cb619c66b863. jpg’ , width

LA

- 256, height= 250)

~ Vv A%
@ rint("Predicted class:", predictions[e])

Predicted class: rust frog_eye leaf_spot

Figure 9: Prediction result of AppleCaps model
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