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Introduction

Rice, one of the most widely produced grain products globally, has numerous genetic varieties.
These varieties are distinguished by features such as texture, shape, and color. These
distinguishing characteristics allow for the classification and quality assessment of rice seeds.

This dataset has pictures of 5 sorts of rice counting: Arborio, Basmati, Ipsala, Jasmine and
Karacadag.

The dataset has 75K pictures counting 15K pieces from each rice assortment. By building a

model for this dataset, we will utilize it to classify rice sorts.

Working on Convolutional Neural Networks

Importing library

import
import
import
import
import
import

splitfolders

itertools

numpy as np
matplotlib.pyplot as plt
seaborn as sb

tensorflow as tf

from tensorflow import keras

from sklearn.metrics import confusion_matrix, classification_report

Preparing Dataset

# split
splitfolders.ratio(Data, output='Rice Image Train_Validation Test', seed=42, ratio=(.7,
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# read train, validation and test in dataset
BATCH_SIZE = 2@

IMAGE_SIZE = (16@, 16@)

Train = keras.utils.image dataset_from_directory(

directory = 'Rice_Image Train_Validation_Test/train’,
labels = 'inferred”,
label_mode = "int"',

batch_size

BATCH_SIZE,
IMAGE_STZE,

image _size

seed = 42,

)

Validation = keras.utils.image dataset_from_directory(
directory = 'Rice_Image Train_WValidaticn_Test/wal’,
labels = 'inferred”,
label_mode = "int"',

batch_size = BATCH_SIZE,
image size = IMAGE_SIZE,

zeed = 42,

Test = keras.utils.image dataset from_directory(

directory = 'Rice_Image Train Validation Test/test',
labels = ‘inferred’,
label mode = 'int',

batch size

BATCH_SIZE,
IMAGE SIYE,

image_=ize
seed = 42,

)

Found 525@@ files belonging to 5 classes.
Found 150@@ files belonging to 5 classes.
Found 7580@ files belonging to 5 classes.



Checking type of classes

# check type of each class
print(f"The Train has {len(Train.class_names)} classes called: {Train.class_names}")
print(f"The Validation has {[len(Validation.class names)} classes called: [Validation.class_names}")

print(f"The Test has {len(Test.class_names)} classes called: {Test.class_names}™)

The Train has 5 classes called: ['Arborio', 'Basmati', 'Ipsala’, 'Jasmine', 'Karacadag']
The Validation has 5 classes called: ['Arborio', 'Basmati’', 'Ipsala’, 'lasmine’, 'Karacadag']
The Test has 5 classes called: ['Arborio’, 'Basmati', 'Ipsala’, "Jasmine', "Karacadag']

Checking shapes of data

# check shapes

for image batch, labels batch in Train:
print{f*Train Shape: {image batch.shape} (Bathes = {len({Train)})")
print(f"Train label: {labels batch.shape}in™)
break

for image batch, labels batch in Validation:
print{f*validation Shape: {image batch.shape} (Bathes = [len{Vvalidation)})}")
print({f"validation label: {labels batch.shape}\n™)
break

for image batch, labels batch in Test:
print{f"Test Shape: {image_batch.shape} (Bathes = {len(Test)}})")
print(f“"Test label: {labels_batch.shape}in™)
break

Train Shape: (20, 162, 168, 3) (Bathes = 2625)
Train label: (28,)

Validation Shape: (28, 168, 188, 3) (Bathes = 758)
Validation label: (28,)

Test Shape: (28, 1608, 188, 3) (Bathes = 375)
Test label: (28,)
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plt.figure(figsize=(10, 18))
for images, labelz in Validation.taks(1):
for i in range(1l6):
ax = plt.subplot(4, 4, i + 1)
lt.imshow(images[1].numpy().astype(“uintl6™))
lt.title(class_names[labels[i]])
plt.axis("off")
lt.suptitle{'Rice Images(Validation)', y=08.96, color="darkorchid®)
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Visualize validation data
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visualize train data

lpsala Karacadag psala Arborio

Basmat Ipsala Jasmine Jasmine

Basmat Arpono psala Arborio

Karacadag Basmati Jasmine Jasmine

Basmati

Visualize test data

plt.figure({figsize=(18, 18))
for images, labels in Test.t
for i in range(12):
ax = plt.subplot(4, 3, i + 1)
plt.imshow(images[i].numpy().astype("uintd"))
plt.title(class_names[labels[i]])
plt.axis("off")
plt.suptitle(’Rice Images(Test)', y=0.98, color="darkorchid"}

plt.show()
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Building model

The followings are pieces of codes snapshots

CHN1 = tf.ke odels. Sequential()
ChM1.add(tf.keras.layers.ConvaD({filt 2, kernel_size=3,activation=
ChMl.add(tf.keras.laye X

CHNL. add(tf.keras.layers atten())

CNN1.add(tf.keras.layers.Dense{units=5, activation="sigmoid'))



# Troining the CNN (fit train and validation)

Modell = CNN1.fit(x=Train, validation_data= Validation, epochs=18)

Epoch 1/18
2825/2625 | ] - 875 28ms/step - loss: 9.1149 - accuracy: 8.9479 - val_loss
Epoch 2/1@
2825/2625 | ] - 81s 3Ims/step - loss: @.8454 - accuracy: 8.9858 - val_loss
Epoch 3/1@
2625/2625 [ ] - 71s 27ms/step - loss: @.8323 - accuracy: 8.9893 - val loss
Epoch 4/1@
2625/2625 [ ] - 825 31ms/step - loss: @.8418 - accuracy: 8.9872 - val_loss
Epoch 5/1@
2625/2625 | ] - 715 27ms/step - loss: @.0239 - accuracy: @.9922 - val_loss
Epach &/18
2825/2625 | ] - 71s 27ms/step - loss: @.8138 - accuracy: 8.9958 - val_loss
Epoch 7/1@
2625/2625 | ] - 825 3Ims/step - loss: @.8219 - accuracy: 8.9954 - val_loss
Epoch 8/1@
2625/2625 | 1 - 71s 27ms/step - loss: @.81@7 - accuracy: @.9970 - val_loss
Epoch 9/1@
2625/2625 [ ] - 71s 27ms/step - loss: @.8234 - accuracy: 8.9961 - val_loss
Epoch 18/1@
2625/2625 | 1 - 71s 27ms/step - loss: @.8@33 - accuracy: 9.9980 - val_loss
# get summary
CNM1. summary ()
Model: "sequential™
Layver {type) Output Shape Param #
conv2d {Conv2D) (Mone, 158, 158, 32) 396
max_pooling2d (MaxPooling2D (Mone, 79, 73, 32) a
flatten (Flatten) (None, 199712) a
dense (Dense) (MNone, 328) 639858160
dense_1 (Dense) (Mone, 5) 15@5

Total params: 63,918,661
Trainable params: 63,%1@,661
Mon-trainable params: @

. 8951 -

L8771

L8784 -

.8785 -

1428 -

1585 -

.13%96 -

1583 -

L2280 -

2891 -

val_accuracy:
- val_accuracy:
val accuracy:
val accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val accuracy:
val accuracy:

val_accuracy:

L2741

L8791

.BEE@6

L8793

L9737

.28@2

L8799

L3821

L5743

L9779



plt.figure(figsize=(12,6))

sb.set_style('whitegrid’)

plt.plot(Modell.history[ "accuracy'], color="red', marker="o0")
plt.plot(Modell.history['val_accuracy’],color="black', marker="D")

plt.title('Accuracy comparing between Validation and Train data set', fontsize=28, color="black')
plt.xlabel("Epoch™)

plt.ylabel( Accuracy')

plt.legend(['Train', "Test'], loc="best")

plt.show()

Visualization: Accuracy comparing between validation and train dataset
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plt.figure(fipsize=(12,6))

sh.set_style('whitegrid'

plt.plot(Modell.history[*loss"], color="red', marker="o"
plt.plot(Modell.history["val_loss'],color="black', marker="D")

plt.title('Loss comparing between Validation and Train data set', fontsize=28, color='black')
plt.xlabel("Epoch™)

plt.ylabel('Accuracy')

plt.legend(["Train', 'Test'], loc='best')

plt.show()



Visualize: Loss comparing between validation and train dataset
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Confusion matrix

# creagte g Function to draw @ confusion mobrix

def plot_confusion_matrix{cm, classes,
title='"Confusion matrix"’,
cmap=plt.cm.Blues):

This function plots the confusion matrix.
cm{array): confusion matrix
classes({dictionary): classes of our target (key=categorical type, value=numerical type)

plt.figure{figsize=(18,7))

plt.grid{False)

plt.imshow{cm, interpolation='nearest', cmap=cmap)

plt.title(title)

plt.colorbar()

tick_marks = np.arange{len{classes))

plt.xticks{tick_marks, [f"{valuej={key}" for key , wvalue in classes.items()})], rotation=45)
plt.yticks{tick_marks, [f"{value}l={key}" Ffor key , wvalue in classes.items{)})])

thresh = cm.max{) / 2.
for i, j in itertocols.product{range{cm.zshape[@]), range(cm.shaps[1])):
plt.text(j, i, F{om[i,J]3wn{cm[i,Fi]/ np.sum{cm)*106: .2F1%",
horizontalaligmnment="center",
color="white” if cm[i, J] > thresh else "black™)

plt.ylabel( " Actusl")
plt.x1label("Predicted" )}
plt.tight_layout()
plt.show{)

# plot comfusion matrix For error analysis
v_true_wal, v_pred val = get_ture_and_pred_labels{Validation, CMNN1)

print{classification_report(y_true wal, ¥ _pred wval), "“mwm")
cm = contusion_matrix{y_true_wal, wv_pred_wval)

classes =
"Arboric™:8,
"Basmati™:1,
"Ipsala™:2,
" Jasmine":3,

"Karacadag":4,

plot_confusion_matrix{cm, classes,
title="Confusion matrix",
cmap=plt.cm.Blues)

precision recall Ffl-score support
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Actual

3=Jasmine

4=Karacadag

# Soave File(HOFS format)

! i
CHN.save( "'model_architecture.hs")

ave File(HOFS format)
‘'model_architecture.h:")
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def plot_walue_array(i, predictions_array, true_label):
Plot bar plot of predciton
i (int): image number
predictions_array (tensor): prediction array of image
ture_label (tensor): true label for image

true_label = true_label[i]

plt.grid(False)

plt.xticks{range(5))

plt.yticks{[])

thisplot = plt.bar{range{5), predictions_array, color="#777777"}
plt.ylim([&, 1])

predicted_label = np.argnax{predictions_array)

thisplot[predicted_label].set_color{ 'red'}
thisplot[true_label].set_color( 'black')

AT T A A T T A 0 R A I O T A0 R A A T R T A O A O A TR A W AT T A O T Ty A A
plt.grid(False) -

plt.xticks{[])

plt.yticks{[])

plt.imshow{img.numpy().astype{ “uint&"))
predicted_label = np.argmnax{predictions_array)
if predicted_label == true_lahbel:

color = 'black’
else:

color = 'red”

plt.xlabel{"{} {:2.8F}% ({})".format(class_names|[predicted_label],
188*np .max{predictions_array),
class_names[true_label]),
color=color)




def plot_final_result{predictions_array, test_labels, test_images, num_rows=18,

Plot the first X test ima their predicted labels, and the true labels.

predictions_array(): all predictions for all test_image

all trus label for all test_image
all test_image

rows *num_cols

=(2*2%*num_cols, 2*num_rows))

for i in range(num_images):
plt.subplot{num_rows, 2*num_cols,

redictions_array[i
num_rows, 2*num_col

plt.tight_layout()
plt.show()

plot_final_result{predictions, test_labels, test_ um_rows=5%, num_col

Model prediction visualization
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