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CNN deep network 1.1
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pip install tensorflow keras sklearn seaborn matplotlib numpy

pip install protobuf==3.20.0
: L g8 s (¥l

import numpy as np
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import matplotlib.pyplot as plt

from keras.preprocessing.image import ImageDataGenerator
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from keras.models import Sequential

from keras.layers import Dense, Conv2D, Flatten, MaxPooling2D, Dropout
from sklearn.metrics import confusion_matrix, classification_report
import seaborn as sns

from keras.callbacks import ModelCheckpoint, EarlyStopping

from keras.models importload_model

# Define the path to the dataset

dataset_path ="'
Hﬁ).ﬁ_ﬂ Ve JJgi) Data Generator ¢ Lig

pedas b @y cwyuitl] Lajueamiy 5Ll
%30 o L}E_zﬂ\ 4o gazea diwd iy

# Create an image data generator object
datagen = ImageDataGenerator(rescale=1./255, validation_split=0.3)

# Load the training data

train_data = datagen.flow_from_directory(
4adutl <150*150 3 | AN Coyudl ol ey Lo train_data udes
dataset_path, = Syl pm 2 e & SRR s
(GPU (e 89 2ads oyl 8395 W yguall suc) 32 (£ batch size
target_size=(1 50, 150), (dl.qal 3) daall suaie 98 Caygdngll 9 Class_mode
batch_size=32, 229 e sgeall Bely8 Al ang cupuill Acgazma Jioy ¢ 3l I O Ay
ugp..\.ﬂ‘ obily s )bﬁ' JS‘_g oy Somey shuffle

class_mode="categorical’,
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subset="training’,
shuffle="true’

)

# Load the validation data

validation_data = datagen.flow_from_directory(

> 150%150 8)94all moes A wyuall @l el Ly validation_data wudgs

dataset_path, (GPU e Buslg dads coyuzl] 8365 Wl Hguall suc) 32 (P batch size a8
(c8lipal 3) 258l suate ga byl ¢95 Class_mode
Gazetl) degazme Jiay ¢ sl o () dyotoes
el ol (B S

target_size=(150, 150),

batch_size=32,

class_mode="categorical’,
subset='validation'

)

# Build the model

model = Sequential([

Conv2D(32, (3, 3), activation="relu’, input_shape=(150, 150, 3)),

MaxPooling2D((2, 2)), CNN 480 7 3g0d sl

Dropout(0.25), 3*3 mhm alayls 32 il it yo due g U5l Byg40 ez S9luws J53 @z convolution 43l
o Relu Jeas mlig

Conv2D(64, (3, 3), activation="relu’), 2%2 maxpooling 4a.de

MaxPooling2D((2, 2)), %25 ¢Lat| 4wy dropout ¢La) 45 L

Relu Je2a5 mlig 3*3 e slal, 64 il dipe suay convolution dab
Maxpooling 2*2 45

Dropout(0.25),

Conv2D(128, (3, 3), activation='"relu’), 9D25 iy Dropout L] 2.l
o - g & B .

Flatten(), Relu Juass milig *33 mi e alasls 128 &le s po Suay Convolution dads
Slew g ladd 8,5 lewd| Lgaima Jrgxd] mdawd 2ads
Dropout(0.5), g e & < :
A | p.wé
Dense(128, activation="relu"), %50 Dropout s LsJ] 4a.L
Dense(3, activation='softmax’) Relu Jy2a5 ali9 128 &ligymc sumy Dense Jlas¥l AkelS 2 ks

LAl ol 43 ds (pg Softmax (Jeass mylig 3 Bligme suay Dense Jlas¥ Al aa b
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# Define the checkpoint and early stopping

checkpoint = ModelCheckpoint('best_model.hS', monitor="val_loss', mode='min’, save_best_only=True)
early_stopping = EarlyStopping(monitor="val_loss', patience=2, restore_best_weights=True)

# Compile the model

model.compile(optimizer="adam’, loss='categorical_crossentropy', metrics=['accuracy'])

# Train the model

history = model fit(train_data, epochs=20, validation_data=validation_data, callbacks=[checkpoint, early_stopping])

iz 39l s Sl eyl dsases
Val_loss 408 48,0 (Je Laasedl dlae 3 SlazeWlg Lhad Jad¥l oy Ul Las>

Val_loss deid (§ ruemi O9-b (redliie (051,85 590 Jb> & oyl Adoe 3L
Accuracyd3l ga ¢1a¥1 uLiaag Categorical Cross Entropy gas loss 26 g539 Adam ga9 Optimizer dydoes (osaitiy Compile duloc
Callbacks 9 3a==dly sl bl L ) red o Fit daudad alaseruly 7 30l coys

# load the best saved model

model = load_model('best_model.h5') ok oyl Alac el uay
# Evaluate the model cptitedadidin proat e R giliainetidiass

A= (0 J}m_zjb é.é.'ai.” dcgazmo slas ! s R g)..\i‘ :J}&u.” el (ousdS
loss, accuracy = model.evaluate(validation_data) Lee Liag loss J1s 4501 e sLas¥l

print(f Test accuracy: {accuracy})

# Generate predictions

y_pred =]

y_true =[]

foriin range(len(validation_data)): & Bl e 3 L el sl slizsly simnall e o ige S 51

X,y = validation_datali] NUNES v (FEN POPSY 0775 | P (EA| 2 predictions Lle 8,23l o3
c‘.;}” MLE.A

y_pred.extend(np.argmax(model.predict(X), axis=-1))

y_true.extend(np.argmax(y, axis=-1))
# Print our model's predictions
print("These are the model predictions :")
print(y_pred)

# Check our predictions against the ground truths
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print("These are the corresponding labels :")

print(y_true) Confusion Matrix 40| ddgame dclbs

# Plotting the confusion matrix B el precision, recall, f1-score, accuracy pud (pasaing eyl 839

s olae JS Ao sogill eall 2515

confusion_mtx = confusion_matrix(y_true, y_pred)

pltfigure(figsize=(10,8))
sns.heatmap(confusion_mtx, annot=True, fmt="d")
pl.title("Confusion matrix")

pltylabel('True label’)

plt.xlabel('Predicted label’)

plt.show()

# Classification report

print("Classification Report: \n", classification_report(y_true, y_pred))
# Plot the training and validation accuracy

pltfigure(figsize=(12, 4))

pltsubplot(1, 2, 1)

plt.plot(history.history['accuracy'], label="Training Accuracy')
plt.plot(history.history['val_accuracy'], label="Validation Accuracy’)
plttitle('Training and Validation Accuracy’)

pltxlabel(Epoch’)

pltylabel('Accuracy’)

pltlegend()

# Plot the training and validation loss

plt.subplot(1, 2, 2) Bazdly coyull g"\.{.}gzl Loss 9 481 lomine ey

plt.plot(history.history['loss'], label="Training Loss')

plt.plot(history.history['val_loss'], label="Validation Loss
plttitle('Training and Validation Loss')
plt.xlabel('Epoch’)

plt.ylabel(Loss’)
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pltlegend()
plt.tight_layout()

plt.show()
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';‘ Figure 1
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M) Lol Precision, recall, f1-score PVETS Slasl a8,

Test accuracy: 0.B8BSBEESL5S511e272
These are the model predictions
(o0, 2, 2, 1, 1, 2, o0, 1, ¢, 1, 2, 1, 2, o, 1, 2, 2, 0, 1, o, 1, 0, 0, 2, 2, 0, Z]
These are the corresponding labels

(o, 1, 1, 1, 1, 2, o, 1, 2, 1, 2, 1, 2, o, &, 2, 2, 0, 1, o, 1, O, O, 2, 2, 0, Z]
Classification Report:

precision recall fl-score support

Q 1.00 0.89 0.94 g

1 0.88 0.78 0.82 g

2 0.82 1.00 0.90 9

accuracy 0.8% 27
macro avg 0.90 0.8%9 0.8%9 27
weighted avg 0.50 0.88 0.8% 27

aiue HLas ) Heuo e dasgll Hlasl s

ALl O Hlas | cilivay o5 Las g dlaseiy oyl Jasgl) plaseial ¢Sy Jledl Hladl § dlassg Josgl) coyats aa
831 Bya oyl Baley

239831 das

import matplotlib.pyplot as plt

from keras.preprocessing.image import load_img, img_to_array

Keras Ms{b LUl oS cns

from keras.models import load_model

import numpy as np
# Load the image
img = load_img('test1.jpg, target_size=(150, 150))

# Convert the image to a numpy array W98l Lligmio ) Lasy| 8yg0m Juazs

img_array = img_to_array(img)

# Expand dimensions so the image has the same shape as the training set
img_array = np.expand_dims(img_array, axis=0) ool ) S 3l L5 8y5m] Gl cny 28]
# Normalize the image oyl Jaaglly

img_array /=255. Adece é.y.!aﬁ p.?normalizationZSS &5\"' 5)5_44.” Nj (Ol

# Load the saved model

model = load_model('best_model.h5")

REY o3 oyl = 390l predict pls plaseiwly Josgdl Hlas |
# Make a prediction 9 il 4l Al &T0sS predict &L (e o]l dosll

Llae 3das el M Bl oldlezs| ‘;Ia_i_jj softmax
©F gl aiall Jias @) Ae¥ AdlansV ol argmax

prediction = model.predict(img_array)
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# Get the class with the highest probability
predicted_class = np.argmax(prediction)

# Get the prediction probability

predicted_probability = np.max(prediction)

# Define a dictionary to map the indices to the soil types

class_dict = {0: 'Cinder’, 1: 'Cracked', 2: 'Sandy'}

e dde il @5 Ul aiall pe 5Ll Bygum (o5
Al dud Jies (29 (casiadd| Adler>1) dalall 2o ya

# Get the soil type

predicted_soil_type = class_dict[predicted_class] 288 Caall e (2 Al 0SS ol

# Display the image with the predicted class and probability as the title

pltimshow(img)
plttitle(f{predicted_soil_type} (Probability: {predicted_probability:.2f})")
plt.show()
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