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print ('Import Libraries')

import os

import torch

import torchvision

import numpy as np

import matplotlib.pyplot as plt

from torchvision import datasets, transforms

from torch.utils.data import DatalLoader, random_split
import torch.nn as nn

import torch.optim as optim

Import Libraries

print ('l Ll
device = torch.device("cuda" if torch.cuda.is_available() else "cpu")

print(device)

Sleall sl
cpu

print ('ssall aas LS 7))
train_transform = transforms.Compose([

transforms.Resize((128,128)),
transforms.RandomHorizontalFlip(),
transforms.RandomRotation(15),
transforms.ToTensor ()

D

test_transform = transforms.Compose([
transforms.Resize((128,128)),

transforms.ToTensor ()
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print ('CUlall Jaesd sla ')
train_path = r"E:\(=>\Master AI\imagedataset\seg_train\seg train'

test_path = r"E:\(=>\Master AI\imagedataset\seg test\seg test"

train_dataset = datasets.ImageFolder(
root=train_path,
transform=train_transform

test_dataset = datasets.ImageFolder(
root=test_path,
transform=test_transform

)
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print ('l A8 e 35 )
print("Classes:")

print(train_dataset.classes)
print()
print("Number of Classes:")

print(len(train_dataset.classes))

calagl) 33):..« E}Ja';
Classes:
['buildings', 'forest', 'glacier', 'mountain', 'sea', 'street']

Number of Classes:
6

print ('sWl DatalLoader')

train_loader = Dataloader(
train_dataset,
batch_size=32,
shuffle=True

test_loader = DatalLoader(
test_dataset,
batch_size=32,
shuffle=False

)

«Lil DatalLoader
print("Training Images :", len(train_dataset))

print("Testing Images :", len(test_dataset))

Training Images : 14034
Testing Images : 3000

images, labels = next(iter(train_loader))

print(images.shape)
print(labels.shape)



torch.Size([32, 3, 128, 128])
torch.Size([32])

print ('os= &w Js) pasl')
import matplotlib.pyplot as plt

classes = train_dataset.classes

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

for i in range(6):
plt.subplot(2,3,i+1)
img = images[i].permute(1,2,0)
plt.imshow(img)
plt.title(classes[labels[i]])
plt.axis("off")

plt.show()
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print (' o ol ')
class CNN(nn.Module):

def __init_ (self):
super(CNN,self). init ()
self.conv = nn.Sequential(
nn.Conv2d(3,32,3,padding=1),
nn.ReLU(),

nn.MaxPool2d(2),
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nn

nn

nn

nn

nn.

nn.
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.Conv2d(32,64,3,padding=1),
.ReLU(),
.MaxPool2d(2),

.Conv2d(64,128,3,padding=1),

ReLU(),

MaxPool2d(2)

self.fc = nn.Sequential(

nn.

nn.

nn.

nn.

)

Flatten(),
Linear(128*16*16,256),
ReLU(),

Linear(256,6)

def forward(self,x):

x=self.

x=self.

return

L P (Rt

conv(x)
fc(x)
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pr‘int ('O\ 18] Lf“"” PGP || ')
import torch.nn as nn

class CNN(nn.Module):

def __init_ (self):

super(CNN, self). init ()

self.conv_layers = nn.Sequential(

nn.
nn.
nn.

nn.
nn.
nn.

nn.
nn.
.MaxPool2d(2)

nn

Conv2d(3, 32, kernel_size=3, padding=1),
ReLU(),
MaxPool2d(2),

Conv2d(32, 64, kernel_size=3, padding=1),
ReLU(),
MaxPool2d(2),

Conv2d(64, 128, kernel_size=3, padding=1),
ReLU(),



)

self.fc_layers = nn.Sequential(
nn.Flatten(),
nn.Linear(128 * 16 * 16, 256),
nn.ReLU(),
nn.Dropout(0.5),

nn.Linear (256, 6)

)

def forward(self, x):

x = self.conv_layers(x)
x = self.fc_layers(x)
return x

print ('zisll L")

model = CNN().to(device)
print(model)
zasalll oLl
CNN(
(conv_layers): Sequential(
(@): Conv2d(3, 32, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
(1): ReLU()
(2): MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil mode=Fals
e)
(3): Conv2d(32, 64, kernel _size=(3, 3), stride=(1, 1), padding=(1, 1))
(4): ReLU()
(5): MaxPool2d(kernel_size=2, stride=2, padding=0, dilation=1, ceil_mode=Fals
e)
(6): Conv2d(64, 128, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
(7): ReLU()
(8): MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil mode=Fals
e)
)
(fc_layers): Sequential(
(0): Flatten(start_dim=1, end_dim=-1)
(1): Linear(in_features=32768, out_features=256, bias=True)
(2): ReLU()
(3): Dropout(p=0.5, inplace=False)
(4): Linear(in_features=256, out_features=6, bias=True)

print ('_J&s) Loss s Optimizer')
criterion = nn.CrossEntropylLoss()

optimizer = torch.optim.Adam(
model.parameters(),



)

lr=0.001
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T (Tgisedl cuox dls et
epochs = 5

n_losses = []

epoch in range(num_epochs):
model.train()

running_loss = @

for images, labels in train_loader:

images.to(device)
labels.to(device)

images
labels

optimizer.zero_grad()

outputs = model(images)

loss = criterion(outputs, labels)

loss.backward()

optimizer.step()

running_loss += loss.item()
epoch_loss = running_loss / len(train_loader)
train_losses.append(epoch_loss)

print(f"Epoch [{epoch+1}/{num_epochs}] Loss: {epoch_loss:.4f}")

N Als e

[1/5] Loss: 1.1583
[2/5] Loss: ©.9064
[3/5] Loss: ©.7967
[4/5] Loss: 0.6948
[5/5] Loss: 0.6426

print ('zisdl apd dls )
model.eval()

correct = ©

total = ©

with torch.no_grad():

for images, labels in test_loader:

images.to(device)
labels.to(device)

images
labels

outputs = model(images)



_, predicted = torch.max(outputs, 1)

total += labels.size(0)

correct += (predicted == labels).sum().item()

accuracy = 100 * correct / total

print(f"Test Accuracy: {accuracy:.2f}%")

Test Accuracy: 80.00%

print ("cul giaie s’
plt.figure(figsize=(6,4))

plt.plot(train_losses, marker="o0")
plt.title("Training Loss")
plt.xlabel("Epoch™)
plt.ylabel("Loss")

plt.grid(True)

plt.show()
g )
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print ('Confusion Matrix')
from sklearn.metrics import confusion_matrix
import seaborn as sns

all labels = []
all predictions = []

3.0 3.5 4.0




model.eval()
with torch.no_grad():

for images, labels in test_loader:

images.to(device)
labels.to(device)

images
labels

outputs = model(images)
_, predicted = torch.max(outputs,1)
all labels.extend(labels.cpu().numpy())
all predictions.extend(predicted.cpu().numpy())
cm = confusion_matrix(all_labels, all predictions)
plt.figure(figsize=(8,6))
sns.heatmap(
cm,
annot=True,
fmt="d",
cmap="Blues",

xticklabels=train_dataset.classes,
yticklabels=train_dataset.classes

)

plt.xlabel("Predicted")
plt.ylabel("Actual")
plt.title("Confusion Matrix")

plt.show()

Confusion Matrix



Confusion Matrix
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Predicted

from sklearn.metrics import classification_report

print(
classification_report(
all labels,
all predictions,
target_names=train_dataset.classes

)
)

precision recall fl-score support
buildings 0.72 0.82 0.77 437
forest 0.97 0.88 0.92 474
glacier 0.82 0.69 0.75 553
mountain 0.76 0.77 0.76 525
sea 0.75 0.85 0.79 510
street 0.82 0.82 0.82 501
accuracy 0.80 3000
macro avg 0.81 0.80 0.80 3000
weighted avg 0.81 0.80 0.80 3000

torch.save(
model.state _dict(),
"cnn_model.pth"

)

print("Model Saved Successfully")



Model Saved Successfully
for epoch in range(num_epochs):
model.train()
running_loss = @
correct 0

total = ©

for images, labels in train_loader:

images
labels

images.to(device)
labels.to(device)

optimizer.zero_grad()

outputs = model(images)

loss = criterion(outputs, labels)
loss.backward()

optimizer.step()

running_loss += loss.item()

_, predicted = torch.max(outputs, 1)

total += labels.size(©)

correct += (predicted == labels).sum().item()

epoch_loss = running_loss / len(train_loader)
epoch_acc = 100 * correct / total

print(
f"Epoch {epoch+1}/{num_epochs} | Loss: {epoch_loss:.4f} | Accuracy: {epc
)
Epoch 1/5 Loss: ©.5792 | Accuracy: 79.42%
Epoch 2/5 Loss: ©.5434 | Accuracy: 80.40%

Epoch 4/5 Loss: ©.5019 | Accuracy: 82.19%

| |
| |
Epoch 3/5 | Loss: ©.5263 | Accuracy: 81.54%
| |
Epoch 5/5 | Loss: 0.4788 | Accuracy: 83.16%

print ("4 el gkl ge oY eall sl 87
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