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1#H > oo byl Ldae gui) Aoy Syadl ool goa> Bdo
2

3 %reset -sf

4

5

1 #an)ll @ QY Ly
2 from google.colab import drive
3 drive.mount('/content/drive")

Mounted at /content/drive

1 #4ulaY) asall 3

2 import pandas as pd

3 import numpy as np

4 import matplotlib.pyplot as plt

5

6 # <l i CSV

7 csv_path = '/content/drive/MyDrive/Datasets/CK+/ckextended.csv'
8

9 # (LaSS + Bax + aall + (plo) Bysall 33 Cuwad Al
10 df_ck = pd.read_csv(csv_path)

11

12 #lehead 2 Heall Glie (gl Al

13 def display_ck_images(df, num_samples=5):

14 plt.figure(figsize=(15,5))

15 for i in range(num_samples):

16 pixel _values = [int(p) for p in df.iloc[i]['pixels'].split()]
17 image = np.array(pixel_values).reshape(48, 48)

18 label = df.iloc[i]['emotion']

19 # sosall any

20 plt.subplot(1, num_samples, i+1)

21 plt.imshow(image, cmap='gray')

22 plt.title(f'Label: {label}")

23 plt.axis('off")

24 plt.show()

25 # Whwad 3y Hsa 5 dyl pasal Al sleaid

26 display_ck_images(df_ck, num_samples=5 )
27

Label: 6 Label: 6 Label: 6 Label: 6 Label: 6

1# st 2y jga 5 Jsl Gajel Al clesin

2 import cv2

3

4 # B ssa Jsl disi CSV 3,9a ) RGB sGrayscale

5 pixel _values = [int(p) for p in df_ck.iloc[@][ 'pixels'].split()]
6 image 48 = np.array(pixel_values, dtype='uint8').reshape(48, 48)
7

8 # muail wigd 3 L Jiss3 RGB

9 image_rgb = cv2.cvtColor(image_48, cv2.COLOR_GRAY2RGB)
10

11 # 128 ) sl 32ex128

12 image_rgb_resized = cv2.resize(image_rgb, (128,128))

13 image_gray = cv2.cvtColor(image_rgb_resized, cv2.COLOR_RGB2GRAY)
14

15 # i G Lin o gl JSEI aeas

16

17 plt.subplot(1,2,1)

18 plt.imshow(image_rgb_resized)

19 plt.title("RGB Image Resized")

20 plt.axis("off")
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21

22 plt.subplot(1,2,2)

23 plt.imshow(image_gray, cmap='gray')
24 plt.title("Grayscale Image")

25 plt.axis("off")

26 # Jsall Sl Sl a e

27

28 plt.show()

29 # el 2 Lgldl b sall Al delik

30

31 print(f"Dimensions of RGB Image: {image_rgb_resized.shape}")
32

RGB Image Resized Grayscale Image

Dimensions of RGB Image: (128, 128, 3)

1 import pandas as pd

2 import numpy as np

3 import matplotlib.pyplot as plt

4 import cv2

5

6 # <l Jusi CSV

7 csv_path = '/content/drive/MyDrive/Datasets/CK+/ckextended.csv'
8 df_ck = pd.read_csv(csv_path)

9
10 # gl sanl gl sl e SN xa (33a cpli) B seall Gawad
11 def enhance_image(image):
12 # G dissdl aSU uint8 sl sl

P2.ipynb - Colab

13 if len(image.shape) ==

14 image = cv2.cvtColor(image, cv2.COLOR_RGB2GRAY)

15 image = image.astype('uint8')

16

17 image_enhanced = cv2.equalizeHist(image)

18 gaussian = cv2.GaussianBlur(image_enhanced, (9,9), 10.90)

19 image_sharp = cv2.addWeighted(image_enhanced, 1.5, gaussian, -0.5, 0)
20 return image_sharp

21

22 # JuSd Gl e el pe Hpall (e
23 def display_ck_images(df, num_samples=5):

24 plt.figure(figsize=(20,5))

25 for i in range(num_samples):

26 pixel _values = [int(p) for p in df.iloc[i]['pixels'].split()]
27 image = np.array(pixel_values).reshape(48, 48).astype('uint8"')
28

29 # 5osall s

30 image = enhance_image(image)

31

32 label = df.iloc[i]['emotion’]

33

34 plt.subplot(1l, num_samples, i+1)

35 plt.imshow(image, cmap='gray', interpolation='nearest') # malsy Jusdl Lk
36 plt.title(f'Label: {label}', fontsize=12)

37 plt.axis('off")

38

39 plt.tight_layout()

40 plt.show()

41

42 # A glesial
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43 display ck_images(df_ck, num_samples=5)
44

Label: 6 Label: 6 Label: 6 Label: 6 Label: 6

el

1 import pandas as pd

2 import numpy as np

3 import matplotlib.pyplot as plt
4 import cv2

5

6 # Slludl Jees

7 csv_path = '/content/drive/MyDrive/Datasets/CK+/ckextended.csv'
8 df_ck = pd.read_csv(csv_path)

9
10 # bosall Cpusi: CLAHE + _wSS 4 Baa
11 def enhance_image(image):

12 image = image.astype('uint8")

13

14 # alaainly ol s CLAHE

15 clahe = cv2.createCLAHE(clipLimit=2.0, tileGridSize=(8,8))

16 image_clahe = clahe.apply(image)

17

18 # <slssll 3p3e3: Laplacian filter

19 laplacian = cv2.Laplacian(image_clahe, cv2.CV_8U)

20 enhanced = cv2.addWeighted(image_clahe, 1.5, laplacian, -0.5, 0)
21

22 # dealiill el a3 pall S

23 enhanced_resized = cv2.resize(enhanced, (192,192), interpolation=cv2.INTER_NEAREST)
24

25 return enhanced_resized

26

27 # 5SS JaSy Glages Aozl Jealdi pe Hpall (e
28 def display_ck_images(df, num_samples=5):

29 plt.figure(figsize=(20,5))

30 for i in range(num_samples):

31 pixel_values = [int(p) for p in df.iloc[i]['pixels'].split()]
32 image = np.array(pixel_values).reshape(48, 48).astype('uint8"')
33

34 # LSSy 5)pall Gpuas

35 enhanced_image = enhance_image(image)

36 label = df.iloc[i]['emotion’]

37

38 plt.subplot(1, num_samples, i+1)

39 plt.imshow(enhanced_image, cmap='gray', interpolation='nearest')
40 plt.title(f'Label: {label}', fontsize=12)

41 plt.axis('off")

42

43 plt.tight_layout()

a4 plt.show()

45

46 # diwadl jgall =
47 display_ck_images(df_ck, num_samples=5)
48

Label: 6
.

1 import pandas as pd
2 import numpy as np
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3 import matplotlib.pyplot as plt

4 import cv2

5

6 # bl Jeeas

7 csv_path = '/content/drive/MyDrive/Datasets/CK+/ckextended.csv'
8 df_ck = pd.read_csv(csv_path)

9

10 def enhance_image(image):

11 image = image.astype('uint8')

12

13 # elaaiul olall aesd CLAHE

14 clahe = cv2.createCLAHE(clipLimit=2.0, tileGridSize=(8,8))
15 image_clahe = clahe.apply(image)

16

17 # alaiul sasll cpwst unsharp masking

18 gaussian = cv2.GaussianBlur(image_clahe, (0,0), sigmaX=1.0)
19 image_sharp = cv2.addWeighted(image_clahe, 1.5, gaussian, -0.5, 0)
20

21 return image_sharp

22

23 def display_ck_images(df, num_samples=5):
24 plt.figure(figsize=(20,5))

25 for i in range(num_samples):

26 pixel_values = [int(p) for p in df.iloc[i]['pixels'].split()]
27 image = np.array(pixel_values).reshape(48, 48).astype('uint8"')
28

29 # sosall Gauas

30 enhanced_image = enhance_image(image)

31 label = df.iloc[i][ 'emotion"]

32

33 plt.subplot(1l, num_samples, i+1)

34 plt.imshow(enhanced_image, cmap='gray', interpolation='bicubic")
35 plt.title(f'Label: {label}', fontsize=12)

36 plt.axis('off")

37

38 plt.tight_layout()

39 plt.show()

40

41 # pel Db Aadl sl e

42 display_ck_images(df_ck, num_samples=5)
43

Label: 6 Label: 6 Label: 6

# rubs ol gae

1 import pandas as pd

2 import numpy as np

3 import matplotlib.pyplot as plt

4 import cv2

5

6 # bl Jeeas

7 csv_path = '/content/drive/MyDrive/Datasets/CK+/ckextended.csv
8 df_ck = pd.read_csv(csv_path)

9

10 def enhance_image(image):

11 image = image.astype('uint8')

12

13 # plaidly Gl Gees CLAHE

14 clahe = cv2.createCLAHE(clipLimit=2.0, tileGridSize=(8,8))
15 image_clahe = clahe.apply(image)

16

17 # b Bilateral <l e Llall ao slaspall il

18 bilateral = cv2.bilateralFilter(image_clahe, d=9, sigmaColor=75, sigmaSpace=75)
19

20 # & 32 Unsharp Mask
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21 gaussian = cv2.GaussianBlur(bilateral, (0,0), sigmaX=1.5)

22 image_sharp = cv2.addWeighted(bilateral, 1.7, gaussian, -0.7, 0)

23

24 # 256 S sosall <256 e zsas

25 image_resized = cv2.resize(image_sharp, (256,256), interpolation=cv2.INTER_CUBIC)
26

27 return image_resized

28

29 def display_ck_images(df, num_samples=5):
30 plt.figure(figsize=(25,5))

31 for i in range(num_samples):

32 pixel_values = [int(p) for p in df.iloc[i][ 'pixels'].split()]
33 image = np.array(pixel_values).reshape(48, 48).astype('uint8"')
34

35 # LSSy 3yl Guuas

36 enhanced_image = enhance_image(image)

37 label = df.iloc[i]['emotion"]

38

39 plt.subplot(1l, num_samples, i+1)

40 plt.imshow(enhanced_image, cmap='gray')

41 plt.title(f'Label: {label}', fontsize=14)

42 plt.axis('off")

43

a4 plt.tight_layout()

45 plt.show()

46

47 # A&l 525 Asdl Heall (= ge

48 display_ck_images(df_ck, num_samples=5)
49

50

Label: 6

Label: 6 Label: 6

1 import os

2 from PIL import Image

3 import matplotlib.pyplot as plt
4 # Slly 32el jea alae jlue 20a3 JAFFE

5

6 jaffe_path = '/content/drive/MyDrive/Datasets/jaffe’

7 # Jdsl e U504 num_samples 3 sa

8

9 def display_jaffe_samples(directory, num_samples=5):
10 images = [f for f in os.listdir(directory) if f.endswith('.tiff')]
11 plt.figure(figsize=(15,5))
12 for i, img_name in enumerate(images[:num_samples]):
13 img_path = os.path.join(directory, img_name)
14 img = Image.open(img_path)
15 plt.subplot(1, num_samples, i+1)
16 plt.imshow(img, cmap='gray"')
17 plt.title(img_name)
18 plt.axis('off")
19 plt.show()
20 # Ul 32l (e yga 10 Jsl Gamsal A elexisl JAFFE
21
22 display_jaffe_samples(jaffe_path, num_samples=10)
23

Label: 6

KL.SU2.165.tifTM.NE1.177.tifiM.FE2. 111 tiflA.AN3. 213 kL. DI1 170.tiff KM.DI1. 20 GffTM.NE3.179.tfOY.NE1.134.tiffiL. FEZ 175. tiffUY.FE1.152.tiff

1 import os
2 from PIL import Image
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3 import torch
4 from torch.utils.data import Dataset, Dataloader
5 from torchvision import transforms

6

P2.ipynb - Colab

7 jaffe_path = '/content/drive/MyDrive/Datasets/jaffe’

8

9
10
11
12
13
14
15
16
17

# IS dssil Gasdd oLl label A2 Y Index
class JaffeDataset(Dataset):

def

__init_ (self, root_dir, transform=None):
self.root_dir = root_dir

self.image_files = [f for f in os.listdir(root_dir) if f.endswith(".tiff")]

self.transform = transform
self.labels = [self.get_label(f) for f in self.image_files]
self.labe

1 import os

2 from PIL import Image

3 import torch

4 from torch.utils.data import Dataset, Dataloader
5 from torchvision import transforms

6

7 jaffe_path = '/content/drive/MyDrive/Datasets/jaffe’
8 #4. oIS u i JaffeDataset iy sl Jieail

9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33

class JaffeDataset(Dataset):

def

def

def

def

__init_ (self, root_dir, transform=None):
self.root_dir = root_dir

self.image_files = [f for f in os.listdir(root_dir) if f.endswith(".tiff")]

self.transform = transform
self.labels = [self.get_label(f) for f in self.image_files]

self.label map = {label: idx for idx, label in enumerate(sorted(set(self.labels)))}
self.labels_idx = [self.label_map[label] for label in self.labels]

get_label(self, filename):
return filename.split('.')[1] # AN, HA, etc.

__len__(self):
return len(self.image_files)

__getitem__ (self, idx):
img_path = os.path.join(self.root_dir, self.image_files[idx])
image = Image.open(img_path).convert('RGB")
if self.transform:
image = self.transform(image)
label = self.labels_idx[idx]
return image, label

34 #osall Je @BLeill suli (Preprocessing)

35
36
37
38
39
40

transform = transforms.Compose([
transforms.Resize((128,128)),
transforms.ToTensor()

D

41 # Jaly <l Jwsd Dataloader

42

43 jaffe_dataset = JaffeDataset(jaffe_path, transform=transform)
44 jaffe_loader = Dataloader(jaffe_dataset, batch_size=8, shuffle=True)

45

1 import pandas as pd
2 import numpy as np

3

4 csv_path = '/content/drive/MyDrive/Datasets/CK+/ckextended.csv'
5 df_ck = pd.read_csv(csv_path)

6

7 class CKPlusDataset(Dataset):
https://colab.research.google.com/drive/1b5gHcZHXbD9LoZoKsLt9Lc4bGbHk-foO#printMode=true
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8 def __init_ (self, dataframe, transform=None):

9 self.df = dataframe

10 self.transform = transform

11

12 def __len_ (self):

13 return len(self.df)

14

15 def _ getitem_ (self, idx):

16 pixel_values = [int(p) for p in self.df.iloc[idx]['pixels'].split()]
17 image = np.array(pixel_values, dtype='uint8').reshape(48, 48)
18 image = cv2.cvtColor(image, cv2.COLOR_GRAY2RGB)

19 image = cv2.resize(image, (128,128))

20 image = Image.fromarray(image)

21 label = self.df.iloc[idx]['emotion"']

22 if self.transform:

23 image = self.transform(image)

24 return image, label

25

26 ck_dataset = CKPlusDataset(df_ck, transform=transform)
27 ck_loader = DatalLoader(ck_dataset, batch_size=8, shuffle=True)
28

1 from torchvision import models

2 import torch.nn as nn

3 # cuunll il Sleall aaa3 (GPU 5l CPU):

4

5

6 device = torch.device('cuda' if torch.cuda.is_available() else 'cpu')
7

8 num_classes_jaffe = len(set(jaffe_dataset.labels))

9 num_classes_ck = df_ck['emotion'].nunique()

10

11 #Jwai MobileNetV2 & bl se ae il dledl)l dakll Joawis JAFFE:
12

13 model = models.mobilenet_v2(pretrained=False)

14 model.classifier[1] = nn.Linear(model.last_channel, num_classes_jaffe) # J GV 4uis CK+

15 model = model.to(device)

16

17 # skl Al a3 (Loss Function) osills (Optimizer):

18

19 criterion = nn.CrossEntropylLoss()

20 optimizer = torch.optim.Adam(model.parameters(), 1lr=0.001)
21

E{} /usr/local/lib/python3.11/dist-packages/torchvision/models/_utils.py:208: UserWarning: The parameter 'pretrained' is deprecated since 0.

warnings.warn(

/usr/local/lib/python3.11/dist-packages/torchvision/models/_utils.py:223: UserWarning: Arguments other than a weight enum or “None™ for

warnings.warn(msg)

1# # «oull pay Jedi (J24 Dropout s BatchNorm)
2

3

4 epochs = 45

5 for epoch in range(epochs):

6 model.train()

7 running_loss, correct = 0.0, ©

8 for inputs, labels in jaffe_loader:

9 inputs, labels = inputs.to(device), labels.to(device)
10 optimizer.zero_grad()

11 outputs = model(inputs)

12 loss = criterion(outputs, labels)

13 loss.backward()

14 optimizer.step()

15 _, preds = torch.max(outputs, 1)

16 correct += torch.sum(preds == labels.data)

17 running loss += loss.item() * inputs.size(®)
18 # il 5led s 48 Clua

19 epoch_acc = correct.double() / len(jaffe_dataset)
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20
21

)

print(f'JAFFE Epoch {epoch+1}: Accuracy={epoch_acc:.4f}, Loss={running_loss/len(jaffe_dataset):.4f}")

JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE
JAFFE

Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch

Vo NOUVhAWNR

W Wwwwwwwww wihhiNNNMNNNMNNNNNRRRPRRREPRRRERPRE
WOoONOOTUVEWNRERPOUOUONOAOATURARWNROOUONOTUDAWNEREO®

41:
42:
43:
44
45:

: Accuracy=0.0423, Loss=3.
: Accuracy=0.0516, Loss=3.
: Accuracy=0.0986, Loss=2.
: Accuracy=0.1033, Loss=2.
: Accuracy=0.1596, Loss=2.
: Accuracy=0.1737, Loss=2.
: Accuracy=0.1362, Loss=2.
: Accuracy=0.2066, Loss=2.
: Accuracy=0.2582, Loss=2.
: Accuracy=0.2441, Loss=2.
: Accuracy=0.3474, Loss=1.
: Accuracy=0.3756, Loss=1.
: Accuracy=0.4038, Loss=1.
: Accuracy=0.4085, Loss=1.
: Accuracy=0.3991, Loss=1.
: Accuracy=0.4883, Loss=1.
: Accuracy=0.4977, Loss=1.
: Accuracy=0.4178, Loss=1.
: Accuracy=0.4742, Loss=1.
: Accuracy=0.5211, Loss=1.
: Accuracy=0.5540, Loss=1.
: Accuracy=0.5117, Loss=1.
: Accuracy=0.5352, Loss=1.
: Accuracy=0.5540, Loss=1.
: Accuracy=0.4742, Loss=1.
: Accuracy=0.6103, Loss=1.
: Accuracy=0.6573, Loss=0.
: Accuracy=0.6526, Loss=0.
: Accuracy=0.7512, Loss=0.
: Accuracy=0.8028, Loss=0.
: Accuracy=0.8075, Loss=0.
: Accuracy=0.8216, Loss=0.
: Accuracy=0.7840, Loss=0.
: Accuracy=0.7746, Loss=0.
: Accuracy=0.7277, Loss=0.
: Accuracy=0.6995, Loss=1.
: Accuracy=0.7606, Loss=0.
: Accuracy=0.8310, Loss=0.
: Accuracy=0.8028, Loss=0.
40:

Accuracy=0.8451, Loss=0

Accuracy=0.7746, Loss=0.
Accuracy=0.8451, Loss=0.
Accuracy=0.7840, Loss=0.
Accuracy=0.7653, Loss=0.
Accuracy=0.7887, Loss=0.

5417

3005

9897

9613

7834

6625

6883

4317

1691

1952
8670
7576
5630
6606
7367
4560
3735
5723
4081
3671
1800
2430
2044
2814
4862
1323
9348
9306
7311
6713
5672
5730
6516
7408
7825
0116
6436
5471
5352
.4537
6057
5341
5357
6762
6162
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1 model.classifier[1] = nn.Linear(model.last_channel, num_classes_ck)
2 model = model.to(device)

3

4 for epoch in range(190):
model.train()
running_loss, correct = 0.9, ©
for inputs, labels in ck_loader:
inputs, labels =
optimizer.zero_grad()
outputs = model(inputs)
loss
loss.backward()
optimizer.step()

5

O 00w N O

epoch_acc

CK+ Epoch
CK+ Epoch
CK+ Epoch
CK+ Epoch
CK+ Epoch
CK+ Epoch
CK+ Epoch
CK+ Epoch
CK+ Epoch

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

= criterion(outputs, labels)

correct += torch.sum(preds

WO NV WNBR

= correct.double() / len(ck_dataset)
print(f'CK+ Epoch {epoch+1}: Accuracy={epoch_acc:.4f}, Loss={running_loss/len(ck_dataset):.4f}")

: Accuracy=0.5359,
: Accuracy=0.7478,
: Accuracy=0.8065,
: Accuracy=0.8696,
: Accuracy=0.8902,
: Accuracy=0.8837,
: Accuracy=0.9163,
: Accuracy=0.9315,
: Accuracy=0.9283,

Loss=1.55
Loss=0.92
Loss=0.68
Loss=0.45
Loss=0.37
Loss=0.36
Loss=0.28
Loss=0.22
Loss=0.24

== labels.data)
running_loss += loss.item() * inputs.size(®)

31
51
30
56
90
64
77
64
60

inputs.to(device), labels.to(device)
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CK+ Epoch 10: Accuracy=0.9467, Loss=0.1898
CK+ Epoch 11: Accuracy=0.9641, L0oss=0.1290
CK+ Epoch 12: Accuracy=0.9511, Loss=0.1648
CK+ Epoch 13: Accuracy=0.9402, Loss=0.1957
CK+ Epoch 14: Accuracy=0.9674, Loss=0.1423
CK+ Epoch 15: Accuracy=0.9804, Loss=0.0904
CK+ Epoch 16: Accuracy=0.9804, Loss=0.0793
CK+ Epoch 17: Accuracy=0.9772, Loss=0.1083
CK+ Epoch 18: Accuracy=0.9554, Loss=0.1424
CK+ Epoch 19: Accuracy=0.9467, Loss=0.1595
CK+ Epoch 20: Accuracy=0.9641, Loss=0.1381
CK+ Epoch 21: Accuracy=0.9837, L0ss=0.0732
CK+ Epoch 22: Accuracy=0.9750, Loss=0.1029
CK+ Epoch 23: Accuracy=0.9685, L0ss=0.0932
CK+ Epoch 24: Accuracy=0.9783, Loss=0.0856
CK+ Epoch 25: Accuracy=0.9522, Loss=0.1484
CK+ Epoch 26: Accuracy=0.9543, Loss=0.1696
CK+ Epoch 27: Accuracy=0.9641, Loss=0.1083
CK+ Epoch 28: Accuracy=0.9815, Loss=0.0749
CK+ Epoch 29: Accuracy=0.9761, Loss=0.0740
CK+ Epoch 30: Accuracy=0.9804, Loss=0.0600
CK+ Epoch 31: Accuracy=0.9859, L0oss=0.0585
CK+ Epoch 32: Accuracy=0.9859, L0oss=0.0427
CK+ Epoch 33: Accuracy=0.9870, Loss=0.0466
CK+ Epoch 34: Accuracy=0.9859, L0oss=0.0543
CK+ Epoch 35: Accuracy=0.9576, Loss=0.1511
CK+ Epoch 36: Accuracy=0.9913, Loss=0.0349
CK+ Epoch 37: Accuracy=0.9891, Loss=0.0514
CK+ Epoch 38: Accuracy=0.9880, L0ss=0.0566
CK+ Epoch 39: Accuracy=0.9891, Loss=0.0503
CK+ Epoch 40: Accuracy=0.9696, Loss=0.1001
CK+ Epoch 41: Accuracy=0.9837, L0ss=0.0575
CK+ Epoch 42: Accuracy=0.9652, Loss=0.1162
CK+ Epoch 43: Accuracy=0.9707, L0oss=0.0990
CK+ Epoch 44: Accuracy=0.9793, L0ss=0.0793
CK+ Epoch 45: Accuracy=0.9870, Loss=0.0439
CK+ Epoch 46: Accuracy=0.9837, Loss=0.0531
CK+ Epoch 47: Accuracy=0.9826, L0ss=0.0720
CK+ Epoch 48: Accuracy=0.9728, L0ss=0.0827
CK+ Epoch 49: Accuracy=0.9804, Loss=0.0614
CK+ Epoch 50: Accuracy=0.9924, L0ss=0.0336
CK+ Epoch 51: Accuracy=0.9848, Loss=0.0389
CK+ Epoch 52: Accuracy=0.9630, Loss=0.1230
CK+ Epoch 53: Accuracy=0.9902, Loss=0.0435
CK+ Epoch 54: Accuracy=0.9957, L0oss=0.0235
CK+ Epoch 55: Accuracy=0.9978, Loss=0.0091
CK+ Epoch 56: Accuracy=0.9902, Loss=0.0334
CK+ Epoch 57: Accuracy=0.9848, L0ss=0.0519
CK+ Epoch 58: Accuracy=0.9837, L0oss=0.0539

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

import numpy as np
import matplotlib.pyplot as plt

1
2
3
4 import cv2
5
6
7 from PIL import Image
8

5}' Drive already mounted at /content/drive; to attempt to forcibly remount, call drive.mount("/content/drive", force_remount=True).

1 import cv2

2 import matplotlib.pyplot as plt

3 import numpy as np

4

5# (» 3,sall Jluw Google Drive (diae cua Jie)

6 image_path = '/content/drive/MyDrive/Datasets/jaffe/NM.NE3.94.tiff"’

7

8 # 5ysall Juand

9 image = cv2.imread(image_path, cv2.IMREAD _GRAYSCALE) # i Lsall jaffe inl, Ll
10

11 # deesll e 3R

12 if isinstance(image, np.ndarray):

13 #oaaall o

14 resized_image = cv2.resize(image, (128, 128), interpolation=cv2.INTER_CUBIC)
15

16 # Ay Lol 5 sall Ga e

17 plt.figure(figsize=(10,5), dpi=150)

https://colab.research.google.com/drive/1b5gHcZHXbD9LoZoKsLt9Lc4bGbHk-foO#printMode=true 9/61
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18
19 plt.subplot(1, 2, 1)
20 plt.imshow(image, cmap="gray')
21 plt.title("Original™)
22 plt.axis('off")
23
24 plt.subplot(1, 2, 2)
25 plt.imshow(resized_image, cmap='gray')
26 plt.title("Resized")
27 plt.axis('off")
28
29 plt.show()
30 else:
31 print(" ¥ bedl o SB35 sall duesd S5 Wl ")
32
Original
Double

1 plt.figure(figsize=(10,10), dpi=200) # dpi = dots per inch
2 plt.imshow(image)

3 plt.axis('off")

4 plt.show()
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1 gray_image = cv2.imread('/content/drive/MyDrive/Datasets/jaffe/KA.AN1.39.tiff"', cv2.IMREAD_GRAYSCALE)
2

1 import pandas as pd

2 import numpy as np

3 import cv2

4 from PIL import Image

5 from torch.utils.data import Dataset, DatalLoader

6 from torchvision import transforms

7 import os

8

9 csv_path = '/content/drive/MyDrive/Datasets/CK+/ckextended.csv'
10
11 #0098 e S oL &4 CKPlusDataset wsthall Jisaill ae cliball L,
12 class CKPlusDataset(Dataset):

13 def __init_ (self, dataframe, transform=None):

14 self.df = dataframe

15 self.transform = transform

16

17 def _ len_ (self):

18 return len(self.df)

19

20 def _ getitem_ (self, idx):

21 pixel values = [int(p) for p in self.df.iloc[idx]['pixels'].split()]
22 image = np.array(pixel_values, dtype='uint8').reshape(48, 48)
23 image = cv2.cvtColor(image, cv2.COLOR_GRAY2RGB)

24 image = cv2.resize(image, (128,128))

25 image = Image.fromarray(image)

26 label = self.df.iloc[idx]["emotion"]

27 if self.transform:

28 image = self.transform(image)

29 return image, label

30

31 df_ck = pd.read_csv(csv_path)

32

33 transform = transforms.Compose([

https://colab.research.google.com/drive/1b5gHcZHXbD9LoZoKsLt9Lc4bGbHk-foO#printMode=true
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34 transforms.ToTensor()

35 1)

36

37 ck_dataset = CKPlusDataset(df_ck, transform=transform)

38 ck_loader = DatalLoader(ck_dataset, batch_size=8, shuffle=True)
39 #olld) seld 3 (Lelidl) Cluall ax

40 num_classes_ck = df_ck['emotion'].nunique()

41

1 jaffe_path = '/content/drive/MyDrive/Datasets/jaffe’

2

3 class JaffeDataset(Dataset):

4 def __init_ (self, root_dir, transform=None):

5 self.root_dir = root_dir

6 self.image_files = [f for f in os.listdir(root_dir) if f.endswith(".tiff")]

7 self.transform = transform

8 self.labels = [self.get_label(f) for f in self.image_files]

9 self.label map = {label: idx for idx, label in enumerate(sorted(set(self.labels)))}
10 self.labels_idx = [self.label map[label] for label in self.labels]
11
12 def get_label(self, filename):

13 return filename.split('.')[1] # AN, HA, etc.
14

15 def __ len_ (self):

16 return len(self.image_files)

17

18 def _ getitem_ (self, idx):

19 img_path = os.path.join(self.root_dir, self.image files[idx])
20 image = Image.open(img_path).convert('RGB")
21 if self.transform:

22 image = self.transform(image)

23 label = self.labels_idx[idx]

24 return image, label

25

26 jaffe_dataset = JaffeDataset(jaffe_path, transform=transform)

27 jaffe_loader = DatalLoader(jaffe_dataset, batch_size=8, shuffle=True)
28 num_classes_jaffe = len(set(jaffe_dataset.labels))

29

1 import torch
2 import torch.nn as nn

3
4 class SimpleCNN(nn.Module):
5 def __init_ (self, num_classes):
6 super(SimpleCNN, self).__init_ ()
7 self.model = nn.Sequential(
8 nn.Conv2d(3, 32, kernel_size=3, stride=1, padding=1),
9 nn.ReLU(),
10 nn.MaxPool2d(2),
11
12 nn.Conv2d(32, 64, kernel_size=3, stride=1, padding=1),
13 nn.ReLU(),
14 nn.MaxPool2d(2),
15
16 nn.Conv2d(64, 128, kernel size=3, stride=1, padding=1),
17 nn.ReLU(),
18 nn.MaxPool2d(2),
19
20 nn.Flatten(),
21 nn.Linear(128 * 16 * 16, 128),
22 nn.ReLU(),
23 nn.Dropout(0.5),
24 nn.Linear(128, num_classes)
25 )
26
27 def forward(self, x):
28 return self.model(x)
29
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1 from torchvision import models

2

3 def get_mobilenetv2(num_classes):

4 model = models.mobilenet_v2(pretrained=False)

5 model.classifier[1] = nn.Linear(model.last_channel, num_classes)
6 return model

7

1 # AU GlaSal ol i)

2 import torch

3 import torch.nn as nn

4 from torchvision import models

5 import matplotlib.pyplot as plt

6

7 # Seall 23 (GPU 25 o)

8 device = torch.device('cuda' if torch.cuda.is_available() else 'cpu')
9
10 # zise a3 MobileNetV2 iliall aaml alais (& selie 7 Sie JAFFE)
11 def get_mobilenetv2(num_classes):

12 model = models.mobilenet_v2(weights=None) # i ol o5

13 model.classifier[1] = nn.Linear(model.last_channel, num_classes) # 5xa¥ aikll o
14 return model

15

16 # sacludl Gaillaglly z3saill dac)

17 model = get_mobilenetv2(num_classes_jaffe)
18 model = model.to(device)

19 optimizer = torch.optim.Adam(model.parameters(), 1lr=0.001)
20 criterion = nn.CrossEntropylLoss()

21

22 # Aol Gl sl aae

23 epochs = 45

24 train_losses, train_accs = [], []

25

26 # <uoul

27 for epoch in range(epochs):

28 model.train() # <cudll jsh 8 zisall s

29 running_loss = 0.0

30 correct = @

31 total = @

32

33 # bl cledy e ddls

34 for inputs, labels in jaffe_loader:

35 inputs, labels = inputs.to(device), labels.to(device)
36

37 optimizer.zero_grad()

38 outputs = model(inputs)

39 loss = criterion(outputs, labels)

40 loss.backward()

41 optimizer.step()

42

43 running loss += loss.item()

44

45 _, preds = torch.max(outputs, 1)

46 correct += (preds == labels).sum().item()
47 total += labels.size(©)

48

49 # 09 &y 5 luall Ll les epoch

50 epoch_loss = running_loss / len(jaffe_loader)
51 epoch_acc = correct / total

52

53 # Pl (Al Jias

54 train_losses.append(epoch_loss)

55 train_accs.append(epoch_acc)

56

57 print(f"Epoch {epoch+1}/{epochs}: Loss={epoch_loss:.4f}, Accuracy={epoch_acc:.4f}")
58

Epoch 1/45: Loss=3.5622, Accuracy=0.0188
Epoch 2/45: Loss=3.3827, Accuracy=0.0329
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1 import matplotlib

2

2723, Accuracy=0.
2139, Accuracy=0.
0694, Accuracy=0.
8080, Accuracy=0.
7637, Accuracy=0.
6086, Accuracy=0.
4761, Accuracy=0.

6083, Accuracy=0
5744, Accuracy=0

.4631, Accuracy=0
.4383, Accuracy=0
3299, Accuracy=0

.pyplot as plt

3 plt.figure(figsize=(8,5))

4 plt.plot(train_accs, label="Training Accuracy")
label="validation Accuracy")

6 plt.title("JAFFE - Training vs Validation Accuracy")
7 plt.xlabel("Epoch"); plt.ylabel("Accuracy")

8 plt.legend(); plt.grid(True); plt.show()

5 plt.plot(val_accs,

9

3182, Accuracy=0.
0756, Accuracy=0.
.9031, Accuracy=0.
2427, Accuracy=0.
9603, Accuracy=0.
.8481, Accuracy=0.
Loss=1.
Loss=1.
Loss=1.
Loss=1.

6038, Accuracy=0.
5139, Accuracy=0.

3188, Accuracy=0.
1270, Accuracy=0.
.1413, Accuracy=0.
1572, Accuracy=0.
1535, Accuracy=0.
.9995, Accuracy=0.
1437, Accuracy=0.
0887, Accuracy=0.
9217, Accuracy=0.
.9046, Accuracy=0.
7393, Accuracy=0.
5281, Accuracy=0.
6364, Accuracy=0.
6972, Accuracy=0.
7486, Accuracy=0.
.0619, Accuracy=0.
8483, Accuracy=0.
7011, Accuracy=0.
.5599, Accuracy=0.
5617, Accuracy=0.
6037, Accuracy=0.
.5118, Accuracy=0.
.4166, Accuracy=0.

0798

0563

0657

1174

1127

1127

2066

1643
2582
3286
2254
2770
3099
L4178
.4507
3521
3709
.4507
.4507
.4930
5305
5587
5915
5915
5493
6291
6150
5822
6667
6854
7606
7840
7840
7559
7324
6291
6995
7700
8169
7887
7653
8310
8592
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NameError Traceback (most recent call last)
/tmp/ipython-input-1069374777.py in <cell line: ©>()

3 plt.figure(figsize=(8,5))

4 plt.plot(train_accs, label="Training Accuracy")
----> 5 plt.plot(val_accs, label="validation Accuracy")

6 plt.title("JAFFE - Training vs Validation Accuracy")

7 plt.xlabel("Epoch"); plt.ylabel("Accuracy")

NameError: name ‘val_accs' is not defined

0.8
0.6
0.4
0.2
0.0 4
T T T T T
0 10 20 30 40
1
1
1
1
1
1

1 import matplotlib.pyplot as plt

2

3 plt.figure(figsize=(12,5))

4

5 plt.subplot(1,2,1)

6 plt.plot(train_losses, label='Loss')
7 plt.title('Training Loss')

8 plt.xlabel('Epoch")

9 plt.ylabel('Loss")
10 plt.legend()

11

12 plt.subplot(1,2,2)

13 plt.plot(train_accs, label='Accuracy")
14 plt.title('Training Accuracy')

15 plt.xlabel('Epoch")

16 plt.ylabel('Accuracy"')

17 plt.legend()

18

19 plt.show()

20
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Training Loss

Training Accuracy

3.5 = Loss — Accuracy
0.8 1
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1 import pandas as pd

2 import numpy as np

3 import torch

4 from torch.utils.data import Dataset
5 from PIL import Image

6 from torchvision import transforms

7

8 class CKPlusFromCSV(Dataset):

9 def __init_ (self, csv_file, usage="Training", transform=None):
10 self.data = pd.read_csv(csv_file)

11 self.data = self.data[self.data["Usage"] == usage].reset_index(drop=True)
12 self.transform = transform

13

14 def __len_ (self):

15 return len(self.data)

16

17 def _ getitem_ (self, idx):

18 pixels = np.array(self.data.loc[idx, "pixels"].split(), dtype=np.uint8)
19 img = pixels.reshape(48, 48) # _s= s> CK+ 48 Wex48

20 img = Image.fromarray(img)

21

22 label = int(self.data.loc[idx, "emotion"])

23 if self.transform:

24 img = self.transform(img)

25 return img, label

26

27 # ===== ONndl =====

28 transform_ck = transforms.Compose([

29 transforms.Grayscale(num_output_channels=3), # &8 EDE Jyeas
30 transforms.Resize( (224, 224)),

31 transforms.ToTensor()

32 1)

33

34 # ===== Cuulilall Juad =====

35 csv_path = "/content/drive/MyDrive/Datasets/CK+/ckextended.csv"

36 full_dataset_ck = CKPlusFromCSV(csv_file=csv_path, usage="Training", transform=transform_ck)

37
38 print(f"alall se: {len(full_dataset_ck)}")
39

734 climl) s

1 from torch.utils.data import random_split, Dataloader

2 import torch, torch.nn as nn, torch.optim as optim

3 from torchvision.models import resnetl8, ResNet18 Weights

4

5 device = torch.device('cuda' if torch.cuda.is_available() else 'cpu')
6

7 # 1) J Ul aws Ay Train/val 4l gl & Dataloaders

8 def make_loaders(dataset, batch_size=64, val ratio=0.15, seed=42):

9 val len = int(len(dataset) * val_ratio)
10 train_len = len(dataset) - val_len
11 train_ds, val_ds = random_split(

https://colab.research.google.com/drive/1b5gHcZHXbD9LoZoKsLt9Lc4bGbHk-foO#printMode=true
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12 dataset, [train_len, val_len],

13 generator=torch.Generator().manual_seed(seed)

14 )

15 train_loader = DatalLoader(train_ds, batch_size=batch_size, shuffle=True, num_workers=2, pin_memory=True)
16 val_loader = DatalLoader(val_ds, batch_size=batch_size, shuffle=False, num_workers=2, pin_memory=True)
17 return train_ds, val_ds, train_loader, val_loader

18

19 # 2) 3 ool el CK+

20 train_ds_ck, val_ds_ck, train_loader_ck, val_loader_ck = make_loaders(full_dataset_ck, batch_size=64, val_ratio=0.15)

21

22 # 3) Gliall ae

23 if hasattr(full_dataset_ck, "classes"):

24 num_classes_ck = len(full_dataset_ck.classes)
25 elif hasattr(full_dataset_ck, "data"):

26 num_classes_ck = int(full_dataset_ck.data["emotion"].nunique())

27 else:

28 #o50als e sl JYA e @ zoadul rhlss)

29 labels = [full_dataset_ck[i][1] for i in range(len(full_dataset_ck))]
30 num_classes_ck = len(set(labels))

31

32 # 4) s Huu¥ + Josddl Loss

33 model_ck = resnetl8(weights=ResNet18 Weights.DEFAULT)

34 model _ck.fc = nn.Linear(model_ck.fc.in_features, num_classes_ck)
35 model_ck = model_ck.to(device)

36

37 criterion = nn.CrossEntropylLoss()

38 optimizer_ck = optim.Adam(model_ck.parameters(), lr=le-3)
39

40 # 5) bl bis ae oyl

41 epochs = 20

42 train_acc_history_ck, val_acc_history ck = [], []

43

44 for epoch in range(1l, epochs+1):

45 # --- TRAIN ---

46 model_ck.train()

47 tr_corr = tr_cnt = 0

48 for x, y in train_loader_ck:

49 X, y = X.to(device), y.to(device)

50 optimizer_ck.zero_grad()

51 out = model_ck(x)

52 loss = criterion(out, y)

53 loss.backward()

54 optimizer_ck.step()

55

56 tr_corr += (out.argmax(l) == y).sum().item()
57 tr_cnt += x.size(0)

58

59 train_acc = tr_corr / tr_cnt

60 train_acc_history_ck.append(train_acc)

61

62 # --- VAL ---

63 model_ck.eval()

64 va_corr = va_cnt = 0@

65 with torch.no_grad():

66 for x, y in val_loader_ck:

67 X, Yy = X.to(device), y.to(device)
68 out = model_ck(x)

69 va_corr += (out.argmax(1l) == y).sum().item()
70 va_cnt += x.size(9)

71

72 val_acc = va_corr / va_cnt

73 val_acc_history_ck.append(val_acc)

74

75 print(f"Epoch {epoch}/{epochs} | Train Acc {train_acc:.4f} | Val Acc {val_acc:.4f}")
76

E{} Downloading: "https://download.pytorch.org/models/resnetl18-f37072fd.pth" to /root/.cache/torch/hub/checkpoints/resnet18-f37072fd.pth

100% | INNEEIEERE| 44.7M/44.7M [00:00<00:00, 132MB/s]
Epoch 1/20 | Train Acc ©.6506 | Val Acc 0.6545
Epoch 2/20 | Train Acc ©.9295 | Val Acc 0.8727
Epoch 3/20 | Train Acc ©.9696 | Val Acc ©.9000
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Epoch 4/20 | Train Acc ©.9840 | Val Acc 0.8727
Epoch 5/20 | Train Acc ©.9792 | Val Acc 0.8364
Epoch 6/20 | Train Acc 0.9776 | Val Acc 0.8455
Epoch 7/20 | Train Acc ©.9872 | Val Acc 0.9364
Epoch 8/20 | Train Acc ©.9904 | Val Acc 0.9000
Epoch 9/20 | Train Acc ©.9888 | Val Acc 0.8727
Epoch 10/20 | Train Acc ©.9920 | Val Acc 0.9273
Epoch 11/20 | Train Acc ©.9920 | Val Acc 0.9091
Epoch 12/20 | Train Acc 0.9968 | Val Acc 0.8818
Epoch 13/20 | Train Acc 1.0000 | Val Acc 0.9364
Epoch 14/20 | Train Acc 1.0000 | Val Acc 0.9545
Epoch 15/20 | Train Acc 1.0000 | Val Acc 0.9455
Epoch 16/20 | Train Acc 1.0000 | Val Acc 0.9455
Epoch 17/20 | Train Acc 1.0000 | Val Acc 0.9455
Epoch 18/20 | Train Acc 1.0000 | Val Acc 0.9455
Epoch 19/20 | Train Acc 1.0000 | Val Acc 0.9455
Epoch 20/20 | Train Acc 1.0000 | Val Acc 0.9455

1 import matplotlib.pyplot as plt

2

3 plt.
4 plt.
5 plt.
6 plt.
7 plt.

8

Accuracy

figure(figsize=(8,5))

plot(train_acc_history_ck, label='Training Accuracy')
plot(val_acc_history_ck, label='Validation Accuracy')
xlabel('Epoch'); plt.ylabel('Accuracy'); plt.title('CK+ Accuracy')
legend(); plt.grid(True); plt.show()

CK+ Accuracy
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1 import torch, os

2

3 device = torch.device('cuda' if torch.cuda.is_available() else 'cpu')
4 torch.backends.cudnn.benchmark = True
5 if hasattr(torch, "set_ float32_matmul_precision"):

6
7

torch.set_float32_matmul_precision(‘'high")

1 import pandas as pd, numpy as np, torch
2 from torch.utils.data import Dataset
3 from PIL import Image

4

5 class CKPlusFast(Dataset):

6
7
8
9
10
11
12
13
14

def _init_ (self, csv_file, usage="Training", transform=None, cache_pt_path=None):
self.transform = transform
df = pd.read_csv(csv_file)
if "Usage" in df.columns:
df = df[df["Usage"] == usage].reset_index(drop=True)

# oS pt G il el
if cache_pt_path and os.path.isfile(cache_pt_path):
data = torch.load(cache_pt_path)

https://colab.research.google.com/drive/1b5gHcZHXbD9LoZoKsLt9Lc4bGbHk-foO#printMode=true
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15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33

self.images = data["images"] # uint8 [N,48,48]
self.labels = data["labels"] # long [N]

else:
# ) <l pixels sasly 30 (IS v getitem )

px = df["pixels"].apply(lambda s: np.fromstring(s, sep="'
self.images = np.stack([p.reshape(48,48) for p in px], axis=0) # [N,48,48]

self.labels = df["emotion"].astype(np.int64).to_numpy()

self.images = torch.from_numpy(self.images) # uint8
self.labels = torch.from_numpy(self.labels) # long
if cache_pt_path:

torch.save({"images": self.images, "labels": self.labels}, cache_pt_path)

def __len__ (self): return len(self.labels)

def _ getitem_ (self, idx):
img = Image.fromarray(self.images[idx].numpy(), mode="'L")
if self.transform: img = self.transform(img)
return img, self.labels[idx].item()

1 from torch.utils.data import DatalLoader, random_split

2 from torchvision import datasets, transforms

3 from torchvision.models import resnetl8, ResNetl18 Weights
4 import torch.nn as nn, torch.optim as optim

5 import matplotlib.pyplot as plt, random

6

7 IMAGENET_MEAN

(0.485, 0.456, 0.406)

8 IMAGENET_STD = (0.229, 0.224, 0.225)
9 COMMON_TF = transforms.Compose([

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49

D)

def

def

def

def

transforms.Grayscale(3),
transforms.Resize((224,224)),
transforms.ToTensor(),

transforms.Normalize (IMAGENET_MEAN, IMAGENET_STD),

cap_per_class_indices(targets, per_class=500):
from collections import defaultdict
d=defaultdict(list)
for i,y in enumerate(targets): d[y].append(i)
sel=[]
for y,ix in d.items():
k = min(per_class, len(ix))
sel.extend(random.sample(ix, k))
random.shuffle(sel)
return sel

make_loaders(dataset, batch_size=64, val _ratio=0.15, seed=42):

v = int(len(dataset)*val_ratio); t = len(dataset)-v

tr, va = random_split(dataset, [t, v], generator=torch.Generator().manual_seed(seed))

P2.ipynb - Colab

# PIL(L)

#

-> 3x224x224

loader_kwargs = dict(num_workers=2, pin_memory=True, persistent_workers=True)

return tr, va, DatalLoader(tr,batch_size,True, **loader_kwargs), DataLoader(va,batch_size,False, **loader_kwargs)

build_model(num_classes, freeze_backbone=True):
m = resnetl8(weights=ResNet18_Weights.DEFAULT).to(device)
if freeze_backbone:
for p in m.layerl.parameters(): p.requires_grad = False
for p in m.layer2.parameters(): p.requires_grad = False
for p in m.layer3.parameters(): p.requires_grad = False
m.fc = nn.Linear(m.fc.in_features, num_classes).to(device)
if hasattr(torch, "compile"):
try: m = torch.compile(m)
except: pass
return m

train_fast(model, train_loader, val_loader, epochs=12, lr=1le-3, patience=3):

crit = nn.CrossEntropylLoss()
opt

best_val, bad = float('inf'), ©

optim.AdamW([p for p in model.parameters() if p.requires_grad], lr=1r)
scaler = torch.cuda.amp.GradScaler(enabled=(device.type=="cuda'))

https://colab.research.google.com/drive/1b5gHcZHXbD9LoZoKsLt9Lc4bGbHk-foO#printMode=true
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50 train_hist, val_hist = [], []

51

52 for ep in range(1l, epochs+1l):

53 # ---- Train (AMP) ----

54 model.train(); tr_corr=tr_cnt=0; tr_loss_sum=0.0

55 for X,y in train_loader:

56 X,y = X.to(device, non_blocking=True), y.to(device, non_blocking=True)

57 opt.zero_grad(set_to_none=True)

58 with torch.cuda.amp.autocast(enabled=(device.type=="cuda')):

59 out = model(x)

60 loss = crit(out,y)

61 scaler.scale(loss).backward()

62 scaler.step(opt)

63 scaler.update()

64 tr_loss_sum += loss.item()*x.size(0)

65 tr_corr += (out.argmax(1l)==y).sum().item()

66 tr_cnt += x.size(9)

67 train_acc = tr_corr/tr_cnt; train_hist.append(train_acc)

68

69 # ---- val ----

70 model.eval(); va_corr=va_cnt=0; va_loss_sum=0.0

71 with torch.no_grad(), torch.cuda.amp.autocast(enabled=(device.type=="cuda')):
72 for x,y in val_loader:

73 X,y = x.to(device, non_blocking=True), y.to(device, non_blocking=True)
74 out = model(x); loss = crit(out,y)

75 va_loss_sum += loss.item()*x.size(9)

76 va_corr += (out.argmax(1l)==y).sum().item()

77 va_cnt += x.size(9)

78 val_loss = va_loss_sum/va_cnt; val_acc = va_corr/va_cnt; val_hist.append(val_acc)
79

80 print(f"Epoch {ep}/{epochs} | Train Acc {train_acc:.4f} | Val Acc {val_acc:.4f} | Val Loss {val_loss:.4f}")
81

82 # Early Stopping

83 if val_loss < best_val - le-4:

84 best_val = val_loss; bad = @

85 best_state = {k:v.detach().cpu().clone() for k,v in model.state dict().items()}
86 else:

87 bad += 1

88 if bad >= patience:

89 print(f"Early stop @ epoch {ep}")

90 break

91

92 # Load best

93 model.load_state_dict(best_state, strict=True)

94 return train_hist, val_hist

95

1 from torchvision import datasets

2

3 # FER-2013

4 FER_DIR = "/content/drive/MyDrive/Datasets/FER-2013/train" # Ll Jie
5 if os.path.isdir(FER_DIR):

6 fer_full = datasets.ImageFolder(FER_DIR, transform=COMMON_TF)

7 # (A < 500 Se) dill (s

8 fer_targets = fer_full.targets

9 fer_idx = cap_per_class_indices(fer_targets, per_class=500)

10 from torch.utils.data import Subset

11 fer_ds = Subset(fer_full, fer_idx)

12

13 trF, vaF, trL_F, vaL_F = make_loaders(fer_ds, batch_size=64, val_ratio=0.15)

14 model_fer = build_model(num_classes=1len(fer_full.classes), freeze_backbone=True)
15 hist_trF, hist_vaF = train_fast(model_fer, trL_F, valL_F, epochs=150, lr=le-3, patience=3)
16

17 # JAFFE

18 JAFFE_DIR = "/content/drive/MyDrive/Datasets/JAFFE" # bedl Jie

19 if os.path.isdir(JAFFE_DIR):

20 jaffe_full = datasets.ImageFolder(JAFFE_DIR, transform=COMMON_TF)

21 # e ) palll phkiud (Sl pa Ul

22 trd, val, trL_3J, valL_J = make_loaders(jaffe_full, batch_size=64, val_ratio=0.15)
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23
24
25

v

model_jaffe = build_model(num_classes=len(jaffe_full.classes), freeze_backbone=True)
hist_trJ, hist_val = train_fast(model_jaffe, trL_J, valL_J, epochs=70, lr=le-3, patience=3)

/tmp/ipython-input-169423696.py:48: FutureWarning: “torch.cuda.amp.GradScaler(args...)  1is deprecated. Please use "torch.amp.GradSca
scaler = torch.cuda.amp.GradScaler(enabled=(device.type=="cuda'))

/tmp/ipython-input-169423696.py:58: FutureWarning: “torch.cuda.amp.autocast(args...)  is deprecated. Please use "torch.amp.autocast(
with torch.cuda.amp.autocast(enabled=(device.type=="cuda')):

No CUDA runtime is found, using CUDA_HOME='/usr/local/cuda’'

/tmp/ipython-input-169423696.py:58: FutureWarning: “torch.cuda.amp.autocast(args...)” is deprecated. Please use torch.amp.autocast(
with torch.cuda.amp.autocast(enabled=(device.type=="cuda')):

/tmp/ipython-input-169423696.py:71: FutureWarning: “torch.cuda.amp.autocast(args...)” is deprecated. Please use “torch.amp.autocast(
with torch.no_grad(), torch.cuda.amp.autocast(enabled=(device.type=="cuda')):

Epoch 1/12 | Train Acc ©.3629 | Val Acc 0.4665 | Val Loss 1.3862

/tmp/ipython-input-169423696.py:58: FutureWarning: ~torch.cuda.amp.autocast(args...)” is deprecated. Please use "torch.amp.autocast(
with torch.cuda.amp.autocast(enabled=(device.type=="cuda')):

/tmp/ipython-input-169423696.py:71: FutureWarning: “torch.cuda.amp.autocast(args...)” is deprecated. Please use torch.amp.autocast(
with torch.no_grad(), torch.cuda.amp.autocast(enabled=(device.type=="cuda')):

Epoch 2/12 | Train Acc 0.6229 | Val Acc ©.4193 | Val Loss 1.7564

Epoch 3/12 | Train Acc 0.7792 | Val Acc 0.4232 | Val Loss 2.1252

Epoch 4/12 | Train Acc 0.8759 | Val Acc ©.4154 | Val Loss 2.4618

Early stop @ epoch 4

1 CK_CSV = "/content/drive/MyDrive/Datasets/CK+/ckextended.csv" # _lwdl Jie
2 if os.path.isfile(CK_CSV):

ck_ds = CKPlusFast(CK_CSV, usage="Training", transform=COMMON_TF,
cache_pt_path="/content/ck_train_cache.pt")
trC, vaC, trL_C, valL_C = make_loaders(ck_ds, batch_size=64, val ratio=0.15)
# il aae A
try:
n_cls_ck = int(pd.read_csv(CK_CSV).query("Usage=="Training
except:
labels_ck = [ck_ds[i][1] for i in range(len(ck_ds))]
n_cls_ck = len(set(labels_ck))
model_ck = build_model(num_classes=n_cls_ck, freeze_backbone=True)
hist_trC, hist_vaC = train_fast(model ck, trL_C, vaL_C, epochs=12, lr=le-3, patience=3)

)Y["emotion"].nunique())

/tmp/ipython-input-169423696.py:48: FutureWarning: “torch.cuda.amp.GradScaler(args...)  is deprecated. Please use "torch.amp.GradSca
scaler = torch.cuda.amp.GradScaler(enabled=(device.type=="cuda'))

/tmp/ipython-input-415479120.py:30: DeprecationWarning: 'mode' parameter is deprecated and will be removed in Pillow 13 (2026-10-15)
img = Image.fromarray(self.images[idx].numpy(), mode='L"') # PIL(L)

/tmp/ipython-input-415479120.py:30: DeprecationWarning: 'mode' parameter is deprecated and will be removed in Pillow 13 (2026-10-15)
img = Image.fromarray(self.images[idx].numpy(), mode='L"') # PIL(L)

/tmp/ipython-input-169423696.py:58: FutureWarning: “torch.cuda.amp.autocast(args...)” is deprecated. Please use torch.amp.autocast(
with torch.cuda.amp.autocast(enabled=(device.type=="cuda')):

/tmp/ipython-input-169423696.py:58: FutureWarning: “torch.cuda.amp.autocast(args...)” is deprecated. Please use torch.amp.autocast(
with torch.cuda.amp.autocast(enabled=(device.type=="cuda')):

/tmp/ipython-input-169423696.py:71: FutureWarning: “torch.cuda.amp.autocast(args...)” is deprecated. Please use "torch.amp.autocast(
with torch.no_grad(), torch.cuda.amp.autocast(enabled=(device.type=="cuda')):

/tmp/ipython-input-415479120.py:30: DeprecationWarning: 'mode' parameter is deprecated and will be removed in Pillow 13 (2026-10-15)
img = Image.fromarray(self.images[idx].numpy(), mode="'L"') # PIL(L)

/tmp/ipython-input-415479120.py:30: DeprecationWarning: 'mode' parameter is deprecated and will be removed in Pillow 13 (2026-10-15)
img = Image.fromarray(self.images[idx].numpy(), mode="'L"') # PIL(L)

Epoch 1/12 | Train Acc ©.6635 | Val Acc ©.7636 | Val Loss 1.0532

/tmp/ipython-input-169423696.py:58: FutureWarning: “torch.cuda.amp.autocast(args...)” is deprecated. Please use torch.amp.autocast(
with torch.cuda.amp.autocast(enabled=(device.type=="cuda')):

/tmp/ipython-input-169423696.py:71: FutureWarning: “torch.cuda.amp.autocast(args...)” is deprecated. Please use "torch.amp.autocast(
with torch.no_grad(), torch.cuda.amp.autocast(enabled=(device.type=="cuda')):

Epoch 2/12 | Train Acc 0.9343 | Val Acc 0.8636 | Val Loss ©.5601
Epoch 3/12 | Train Acc ©.9904 | Val Acc 0.9091 | Val Loss ©.3183
Epoch 4/12 | Train Acc 1.0000 | Val Acc ©.9182 | Val Loss ©.3544
Epoch 5/12 | Train Acc 1.0000 | Val Acc ©.9182 | Val Loss ©.2930
Epoch 6/12 | Train Acc 1.0000 | Val Acc ©.9182 | Val Loss ©.2723
Epoch 7/12 | Train Acc 1.0000 | Val Acc ©.9000 | Val Loss ©.2920
Epoch 8/12 | Train Acc 1.0000 | Val Acc ©.9000 | Val Loss ©.2691
Epoch 9/12 | Train Acc 1.0000 | Val Acc ©.9091 | Val Loss ©.2366

Epoch 10/12 | Train Acc 1.0000 | Val Acc ©.9182 | Val Loss ©.2291
Epoch 11/12 | Train Acc 1.0000 | Val Acc ©.9182 | Val Loss ©.2261
Epoch 12/12 | Train Acc 1.0000 | Val Acc 0.9182 | Val Loss 0.2251

1 def plot_hist(htr, hva, title):

2
3
4

plt.figure(figsize=(7,4)); plt.plot(htr,label="'Train'); plt.plot(hva,label="val")
plt.title(title); plt.xlabel('Epoch'); plt.ylabel('Accuracy'); plt.grid(True); plt.legend(); plt.show()

5if 'hist_trF' in globals(): plot_hist(hist_trF, hist_vaF, "FER-2013 Accuracy")

https://colab.research.google.com/drive/1b5gHcZHXbD9LoZoKsLt9Lc4bGbHk-foO#printMode=true

ler(

'cuc

'cuc

'cuc

'cuc

'cuc

ler(

'cuc
'cuc

'cuc

'cuc

'cuc

21/61



8/20/25, 9:05 PM P2.ipynb - Colab

6 if 'hist_trl' in globals(): plot_hist(hist_trJ, hist_val, "JAFFE Accuracy")
7 if 'hist_trC' in globals(): plot_hist(hist_trC, hist_vaC, "CK+ Accuracy")

8

1
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# ===== Plot Training/Validation Accuracy for CK+, JAFFE, FER-2013 =====

2 import matplotlib.pyplot as plt

3

4 def plot_accuracies(train_acc, val_acc, title="Accuracy Curve"):

5

O 00N O

10
11
12
13
14
15
16
17
18
19
20
21
22

def

plt.figure(figsize=(8,5))

plt.plot(train_acc, label='Training Accuracy')
plt.plot(val_acc, label='Validation Accuracy')
plt.title(title)

plt.xlabel('Epoch")

plt.ylabel('Accuracy")

plt.legend()

plt.grid(True)

plt.show()

safe_plot(var_train_name, var_val_name, title):
g = globals()
if var_train_name in g and var_val_name in g and len(g[var_train_name]) and len(g[var_val_name]):
plot_accuracies(g[var_train_name], g[var_val_name], title)
else:
print(f"[«s8] gad <lly as ¥ {title}. "
frelis) oo XU {var_train_name} s {var_val_name} wu sl ¢l&f ")

23 # ol ol &l L L3R ) Aalal) elaw) Al
24 # CK+
25 safe_plot("train_acc_history_ck", "val_acc_history_ck", "CK+ Accuracy")

26

27 # JAFFE

https://colab.research.google.com/drive/1b5gHcZHXbD9LoZoKsLt9Lc4bGbHk-foO#printMode=true
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28 safe_plot("train_acc_history_jaffe", "val_acc_history_ jaffe", "JAFFE Accuracy")
29

30 # FER-2013

31 safe_plot("train_acc_history_fer", "val_acc_history_fer", "FER-2013 Accuracy")

32
CK+ Accuracy
1.00 (E—
——
0.95 (/ /,f""-
0.90 ,/\ /\\\//\\\/
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c
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I i
T T
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Epoch
[4w6] =) clly a6 Y JAFFE Accuracy. <L) oe xU train_acc_history_jaffe s val_acc_history_jaffe u il oL,
[45] Gl @l 5 Y FER-2013 Accuracy. <Ll g« U train_acc_history_fer s val_acc_history_fer wu,xll o,
1 # ==== Quick Train & Plot (5 epochs, fast) ====

2 import os, random, torch, torch.nn as nn, torch.optim as optim
3 from torch.utils.data import Dataloader, random_split, Subset
4 from torchvision import datasets, transforms

5 from torchvision.models import resnetl8, ResNet18 Weights

6 import matplotlib.pyplot as plt

7

8H e Ay g Gldlae) ammm oo

9 DATA_DIR = "/content/drive/MyDrive/Datasets/FER-2013/train" # <-- Ll Ji (5 JAFFE)
10 USE_EXISTING_DATASET = False # <vie | full dataset J»l = True
11 EPOCHS = 50

12 BATCH = 64

13 VAL_RATIO = 0.15

14 PER_CLASS_CAP = 300 # el de pul Al JB
15 IMAGENET_MEAN=(0.485,0.456,0.406); IMAGENET STD=(0.229,0.224,0.225)
16

17 device = torch.device('cuda' if torch.cuda.is_available() else 'cpu')
18 torch.backends.cudnn.benchmark = True

19

20 tf = transforms.Compose([

21 transforms.Grayscale(3),

22 transforms.Resize((224,224)),

23 transforms.ToTensor(),

24 transforms.Normalize (IMAGENET_MEAN, IMAGENET_STD),
25 ])

26

27 # —-mmmmm - Gl Jwsid (ImageFolder) Aiall Q88 s =-ooooomoo-
28 def cap_per_class_indices(targets, per_class):

29 from collections import defaultdict

30 d=defaultdict(list)

31 for i,y in enumerate(targets): d[y].append(i)

32 sel=[]

33 for y,ix in d.items():

34 k=min(per_class,len(ix))

35 sel.extend(random.sample(ix,k))

36 random.shuffle(sel)

37 return sel

38

39 if USE_EXISTING_DATASET and 'full_dataset' in globals():

https://colab.research.google.com/drive/1b5gHcZHXbD9LoZoKsLt9Lc4bGbHk-foO#printMode=true 23/61



8/20/25, 9:05 PM

40

ds_full

41 else:

42
43

ds_full

P2.ipynb - Colab
= full_dataset

= datasets.ImageFolder(DATA_DIR, transform=tf)

44 # (155 gom 4l g lal) Al Qo
45 if hasattr(ds_full, 'targets'):

46
a7

48 else:

49
50
51 #

idx = ca
ds = Sub
ds = ds_

52 val_len = in
53 train_len =

54 train_ds, val_ds = random_split(ds, [train_len, val_len], generator=torch.Generator().manual_seed(42))

55

56 loader_kw =
57 train_loader
58 val_loader

59
60 #

61 num_classes
62 model = resnetl8(weights=ResNet18 Weights.DEFAULT)
63 model.fc = n
64 model = model.to(device)

65

66 criterion =
67 optimizer =

68
69 #

p_per_class_indices(ds_full.targets, PER_CLASS_CAP)
set(ds_full, idx)
full

------------ Train/val loaders ------------

t(len(ds)*VAL_RATIO)
len(ds) - val_len

dict(batch_size=BATCH, num_workers=2, pin_memory=True, persistent_workers=True)

= DatalLoader(train_ds, shuffle=True, **loader_kw)
= DatalLoader(val_ds, shuffle=False, **loader_kw)

———————————— disal (ResNetl8 + Transfer Learning) ------------

= len(ds_full.classes)

n.Linear(model.fc.in_features, num_classes)

nn.CrossEntropyLoss()
optim.AdamW(model.parameters(), lr=le-3)

———————————— 43al) CROAS + & [ R i

70 train_acc_history, val_acc_history = [], []
71 for epoch in range(1, EPOCHS+1):

72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94 #

# TRAIN
model.tr
for X,y

X,y = x.to(device, non_blocking=True), y.to(device, non_blocking=True)

opti
out
loss
loss
tr_c
train_ac

# VAL

model.ev

with tor
for

val_acc

print(f"Epoch {epoch}/{EPOCHS} | Train {train_acc:.4f} | val {val_acc:.4f}")

ain(); tr_corr=tr_cnt=0
in train_loader:

mizer.zero_grad()
= model(x)
= criterion(out,y)
.backward(); optimizer.step()
orr += (out.argmax(1l)==y).sum().item(); tr_cnt += x.size(9)
¢ = tr_corr/tr_cnt; train_acc_history.append(train_acc)

al(); va_corr=va_cnt=0
ch.no_grad():
X,y in val_loader:

X,y = x.to(device, non_blocking=True), y.to(device, non_blocking=True)

out = model(x)
va_corr += (out.argmax(1l)==y).sum().item(); va_cnt += x.size(0)
= va_corr/va_cnt; val_acc_history.append(val_acc)

____________ aaall ) m---m-mo-o--

95 plt.figure(figsize=(8,5))
96 plt.plot(train_acc_history, label='Training Accuracy')
97 plt.plot(val_acc_history, label='Validation Accuracy')

98 plt.title('Training vs Validation Accuracy'); plt.xlabel('Epoch'); plt.ylabel('Accuracy')

99 plt.grid(True); plt.legend(); plt.show()

100
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5% Downloading: "https://download.pytorch.org/models/resnet18-f37072fd.pth" to /root/.cache/torch/hub/checkpoints/resnet18-f37072fd.pth

100% | INNNEREENE| 22.7v/44.

Epoch 1/50 | Train ©.3429 | Vval 0.3175

Epoch 2/50 | Train ©.5378 | Val 0.4159

Epoch 3/50 | Train ©.6577 | Val 0.3587

Epoch 4/50 | Train ©.7272 | Val 0.4032

Epoch 5/50 | Train ©.8655 | Val 0.4381

Epoch 6/50 | Train ©.9008 | Val 0.4159

Epoch 7/50 | Train ©.9283 | Val 0.4190

Epoch 8/50 | Train ©.9204 | Val 0.4190

Epoch 9/50 | Train ©.9232 | Val 0.4476

Epoch 10/50 | Train ©.9580 | Val 0.4476
Epoch 11/50 | Train ©.9804 | Val 0.4667
Epoch 12/50 | Train ©.9871 | Val 0.4444
Epoch 13/50 | Train ©.9894 | Vval 0.4571
Epoch 14/50 | Train ©.9922 | Val ©.4508
Epoch 15/50 | Train ©.9922 | Vval 0.4571
Epoch 16/50 | Train ©.9910 | Val 0.4635
Epoch 17/50 | Train ©.9899 | Val 0.4603
Epoch 18/50 | Train ©.9905 | Val 0.4667
Epoch 19/50 | Train ©.9922 | Val 0.4667
Epoch 20/50 | Train ©.9933 | Val 0.4698
Epoch 21/50 | Train ©.9910 | Val ©.4730
Epoch 22/50 | Train ©.9927 | Val 0.4667
Epoch 23/50 | Train ©.9922 | Val 0.4571
Epoch 24/50 | Train ©.9910 | Val 0.4667
Epoch 25/50 | Train ©.9927 | Val 0.4603
Epoch 26/50 | Train ©.9933 | Val 0.4730
Epoch 27/50 | Train ©.9910 | Val 0.4667
Epoch 28/50 | Train ©.9927 | Val 0.4635
Epoch 29/50 | Train ©.9933 | Val 0.4603
Epoch 30/50 | Train ©.9922 | Val 0.4667
Epoch 31/50 | Train ©.9933 | Val 0.4540
Epoch 32/50 | Train ©.9938 | Val 0.4603
Epoch 33/50 | Train ©.9933 | Val 0.4667
Epoch 34/50 | Train ©.9927 | Val 0.4476
Epoch 35/50 | Train ©.9922 | Val 0.4571
Epoch 36/50 | Train ©.9944 | Val 0.4667
Epoch 37/50 | Train ©.9922 | Val 0.4571
Epoch 38/50 | Train ©.9927 | Val 0.4635
Epoch 39/50 | Train ©.9910 | Val ©.4603
Epoch 40/50 | Train ©.9950 | Val 0.4762
Epoch 41/50 | Train ©.9910 | Val 0.4603
Epoch 42/50 | Train ©.9916 | Val 0.4540
Epoch 43/50 | Train ©.9916 | Val 0.4635
Epoch 44/50 | Train ©.9916 | Val ©.4635
Epoch 45/50 | Train ©.9905 | Val 0.4635
Epoch 46/50 | Train ©.9916 | Val 0.4635
Epoch 47/50 | Train ©.9938 | Val 0.4698
Epoch 48/50 | Train ©.9922 | Val 0.4667
Epoch 49/50 | Train ©.9933 | Val 0.4635
Epoch 50/50 | Train ©.9916 | Val 0.4762

Training vs Validation Accuracy
1.0 —
A '/J
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7M [00:00<00:00, 131MB/s]

1 import os
2 import numpy as np
3 import torch

4 from torch.utils.data import Dataset, Dataloader
5 from torchvision import datasets, transforms as T, models

6 from torch import nn, optim
7 import warnings
8 warnings.filterwarnings("ignore")
9 from tqdm import tqdm
10 from sklearn.metrics import confusion_matrix, accuracy_score, precision_score, recall_score, fl_score, classification_
11 import matplotlib.pyplot as plt
12 import seaborn as sns
13 from PIL import Image
14 import cv2
15 import pandas as pd

16

1 def train_one_model(model, train_loader, val_loader, epochs, device, optimizer, criterion):

2 train_hist, val_hist = [],

3 for epoch in range(1, epochs+l):

(]
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4 # TRAIN

5 model.train()
6 tr_corr = tr_cnt = 0
7 for x,y in train_loader:
8 X,y = X.to(device), y.to(device)
9 optimizer.zero_grad()
10 out = model(x)
11 loss = criterion(out, y)
12 loss.backward()
13 optimizer.step()
14 tr_corr += (out.argmax(1l)==y).sum().item()
15 tr_cnt += Xx.size(0)
16 train_hist.append(tr_corr/tr_cnt)
17
18 # VAL
19 model.eval()
20 va_corr = va_cnt = 0@
21 with torch.no_grad():
22 for x,y in val_loader:
23 X,y = X.to(device), y.to(device)
24 out = model(x)
25 va_corr += (out.argmax(l)==y).sum().item()
26 va_cnt += x.size(©)
27 val_hist.append(va_corr/va_cnt)
28 return train_hist, val_hist
29

jaffe_path = '/content/drive/MyDrive/Datasets/jaffe’

1
2
3 class JaffeDataset(Dataset):

4 def __init_ (self, root_dir, transform=None):

5 self.root_dir = root_dir

6 self.image_files = [f for f in os.listdir(root_dir) if f.endswith(".tiff")]

7 self.transform = transform

8 self.labels = [self.get label(f) for f in self.image_files]

9 self.label map = {label: idx for idx, label in enumerate(sorted(set(self.labels)))}

10 self.labels_idx = [self.label_map[label] for label in self.labels]
11

12 def get_label(self, filename):

13 return filename.split('.')[1] # AN, HA, etc.
14

15 def __len_ (self):

16 return len(self.image_files)

17

18 def _ getitem_ (self, idx):

19 img_path = os.path.join(self.root_dir, self.image_files[idx])
20 image = Image.open(img_path).convert('RGB")
21 if self.transform:

22 image = self.transform(image)

23 label = self.labels_idx[idx]

24 return image, label

25

26 transform = T.Compose([

27 T.RandomHorizontalFlip(),

28 T.RandomVerticalFlip(),

29 T.RandomRotation(10),

30 T.Resize((128,128)),

31 T.ToTensor()

321])

33

34 jaffe_dataset = JaffeDataset(jaffe_path, transform=transform)

35 jaffe_loader = DatalLoader(jaffe_dataset, batch_size=8, shuffle=True)
36 num_classes_jaffe = len(set(jaffe_dataset.labels))

37

1 jaffe_path = '/content/drive/MyDrive/Datasets/jaffe’

2
3 class JaffeDataset(Dataset):
4 def __init_ (self, root_dir, transform=None):
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5 self.root_dir = root_dir

6 self.image_files = [f for f in os.listdir(root_dir) if f.endswith(".tiff")]

7 self.transform = transform

8 self.labels = [self.get_label(f) for f in self.image files]

9 self.label _map = {label: idx for idx, label in enumerate(sorted(set(self.labels)))}
10 self.labels_idx = [self.label _map[label] for label in self.labels]
11
12 def get_label(self, filename):

13 return filename.split('.')[1] # AN, HA, etc.
14

15 def __len_ (self):

16 return len(self.image_files)

17

18 def _ getitem_ (self, idx):

19 img_path = os.path.join(self.root_dir, self.image_files[idx])
20 image = Image.open(img_path).convert('RGB")
21 if self.transform:

22 image = self.transform(image)

23 label = self.labels_idx[idx]

24 return image, label

25

26 transform = T.Compose([

27 T.RandomHorizontalFlip(),

28 T.RandomVerticalFlip(),

29 T.RandomRotation(10),

30 T.Resize((128,128)),

31 T.ToTensor()

321])

33

34 jaffe_dataset = JaffeDataset(jaffe_path, transform=transform)

35 jaffe_loader = DatalLoader(jaffe_dataset, batch_size=8, shuffle=True)
36 num_classes_jaffe = len(set(jaffe_dataset.labels))

37

1 device = torch.device('cuda' if torch.cuda.is_available() else 'cpu')

2

3 model = models.resnetl8(pretrained=False)

4 model.fc = nn.Linear(model.fc.in_features, num_classes_jaffe)

5 model = model.to(device)

6

7 criterion = nn.CrossEntropylLoss()

8 optimizer = optim.AdamW(model.parameters(), 1lr=0.001)

9 scheduler = optim.lr_scheduler.StepLR(optimizer, step_size=3, gamma=0.97)

10
1 def train_model(model, criterion, optimizer, scheduler, num_epochs=30):
2 for epoch in range(num_epochs):
3 print(f"Epoch {epoch+1}/{num_epochs}")
4 print('-' * 10)
5
6 model.train()
7 running_loss = 0.0
8 running_corrects = 0
9
10 for inputs, labels in jaffe_loader:
11 inputs, labels = inputs.to(device), labels.to(device)
12
13 optimizer.zero_grad()
14 outputs = model(inputs)
15 loss = criterion(outputs, labels)
16 loss.backward()
17 optimizer.step()
18
19 _, preds = torch.max(outputs, 1)
20 running_loss += loss.item() * inputs.size(®)
21 running_corrects += torch.sum(preds == labels.data)
22
23 scheduler.step()
24 epoch_loss = running_loss / len(jaffe_dataset)
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25 epoch_acc = running_corrects.double() / len(jaffe_dataset)
26
27 print(f"Loss: {epoch_loss:.4f} Acc: {epoch_acc:.4f}")
28 return model
29
30 model = train_model(model, criterion, optimizer, scheduler, num_epochs=2)
31
Epoch 1/2

Loss: 3.6338 Acc: 0.0141
Epoch 2/2

Loss: 3.3782 Acc: 0.0188

1y_true, y_pred, y_proba = [], [], []

2

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

5

O 00N O

10
11
12
13
14

for inputs, labels in jaffe_loader:
inputs = inputs.to(device)
outputs = model(inputs)
probabilities = torch.softmax(outputs, dim=1)
preds = torch.argmax(probabilities, axis=1)

y_true.extend(labels.numpy())
y_pred.extend(preds.cpu().numpy())
y_proba.extend(probabilities.cpu().numpy())

15 y_true = np.array(y_true)
16 y_pred = np.array(y_pred)
17 y_proba = np.array(y_proba)

18

1#
2

3 def evaluate_model(model_name, y_true, y_pred, y_proba):

4

O 00 N O un

10
11
12
13
14
15
16
17
18
19
20
21

labels = list(jaffe_dataset.label _map.keys())

accuracy = accuracy_score(y_true, y_pred)

precision = precision_score(y_true, y_pred, average='weighted', zero_division=0)
recall = recall_score(y_true, y_pred, average='weighted')

fl = f1_score(y_true, y_pred, average='weighted")

cm = confusion_matrix(y_true, y_pred)

print(f"[{model_name}] Accuracy: {accuracy:.4f}")

print("Precision:", precision)

print("Recall:", recall)

print("Fl-score:", f1)

print("Classification Report:\n", classification_report(y_true, y_pred, target_names=labels))

plt.figure(figsize=(6,5))

sns.heatmap(cm, annot=True, fmt='d', cmap='Blues', xticklabels=1labels, yticklabels=1labels)
plt.title('Confusion Matrix"')

plt.show()

22 evaluate_model("ResNetl8 on JAFFE", y true, y pred, y_proba)

23
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[ResNet18 on JAFFE] Accuracy: 0.0610
Precision: ©.01707118632810716
Recall: 0.06103286384976526
Fl-score: 0.021401235540912313
Classification Report:

precision recall fl-score

AN1 0.00 0.00 0.00

AN2 0.00 0.00 0.00

AN3 0.00 0.00 0.00

DI1 0.00 0.00 0.00

DI2 0.00 0.00 0.00

DI3 0.08 0.40 0.13

DI4 0.00 0.00 0.00

FE1 0.00 0.00 0.00

FE2 0.00 0.00 0.00

FE3 0.00 0.00 0.00

FE4 0.00 0.00 0.00

HA1 0.04 0.50 0.08

HA2 0.00 0.00 0.00

HA3 0.00 0.00 0.00

HA4 0.00 0.00 0.00

NE1 0.08 0.30 0.12

NE2 0.00 0.00 0.00

NE3 0.00 0.00 0.00

SA1 0.00 0.00 0.00

SA2 0.17 0.10 0.12

SA3 0.00 0.00 0.00

SA5 0.00 0.00 0.00

Sul 0.00 0.00 0.00

su2 0.00 0.00 0.00

Su3 0.00 0.00 0.00
accuracy 0.06
macro avg 0.01 0.05 0.02
weighted avg 0.02 0.06 0.02

z

o
AN2 -~ccocoocococooOCOOOCOOCOCOO0ODDOO OO
AN3 -ccoococoocoococoocooooooooooOOO
Dl -cocoooco0o0000000000000000000
D2 ~-cocoocococoooocooo000000000o000
D3 -voElonERErororErnRwn N =EEwwEN
D4 ~-cooo000o0000000000000000000
FEl -ccoococoocoocoococooooo0o0000O0
FE2 -cocococococococococoocoooooooooooo0
FE3 -~-ccocococococoocoococooocoooooo o000
FE4 ~-occoococoocococoococoo0o000000 00O

Confusion Matrix
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~
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HA? ~-ccococoocococococococoooooooooooO0

~
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HA4 ~-ccoocoocoococoococoocooooo0cooooo OO
ME2 ~-cocoooo0O00000000000000000 00
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1 csv_path = '/content/drive/MyDrive/Datasets/CK+/ckextended.csv'
2 df_ck = pd.read_csv(csv_path)

3

1 from torch.utils.data import Dataset
2 from PIL import Image

3 import numpy as np
4

5 # S wai CKPlusDataset ¢« & 3 Dataset
6 # by disadl aadiy GO 3 CK+ 3 4334 DataFrame Ju Wil B (S Hsa Ul ) Dataloader

7

8 class CKPlusDataset(Dataset):

9 def _ _init_ (self, dataframe, transform=None):

10 self.df = dataframe # DataFrame sxcl e ssisy: 'pixels' 5 'emotion'
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11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34

self.t

P2.ipynb - Colab
ransform = transform # osall o Lk gl @dyssdll (Jie ToTensor sl Augmentation)

def __len_ (self):

return

def _ geti

len(self.df) # Ul de sane 8 il ox

tem__ (self, idx):

# daman ol B ) SO Ade o

pixel_

values = [int(p) for p in self.df.iloc[idx]['pixels'].split()]

# 2 sopa J OO BsaiD 48 aaax48 (3l s CK+)

image

= np.array(pixel_values).reshape(48, 48).astype(np.uint8)

# OIS J syeall digsd PIL ae el torchvision.transforms

image

# g
if sel
im

= Image.fromarray(image)

O Baaaall By gall gaalal
f.transform:
age = self.transform(image)

# caiall z) Al (Label) ¢» DataFrame

label

return

= int(self.df.iloc[idx][ 'emotion'])

image, label # el hall 1

1 from torchvision import transforms
2 from torch.utils.data import DatalLoader

3

44 srea IS o Gl A @il (i
5 transform = transforms.Compose([

6
7
8
9
10

111])

12

transforms
transforms
transforms
transforms
transforms

.RandomHorizontalFlip(),
.RandomVerticalFlip(),
.RandomRotation(10),
.Resize((128,128)),
.ToTensor()

13 # Lol cllll de sena L)
14 ck_dataset = C
15 ck_loader = Da

16

KPlusDataset(df_ck, transform=transform)
taloader(ck_dataset, batch_size=8, shuffle=True)

17 # (o) elidl ae s
18 num_classes_ck = df_ck['emotion'].nunique()

19

1 model = models.resnetl8(pretrained=False)
2 model.fc = nn.
3 model = model.to(device)

4

5 criterion = nn
6 optimizer = op

7 scheduler

8

op

Linear(model.fc.in_features, num_classes_ck)

.CrossEntropyLoss()
tim.AdamW(model.parameters(), lr=0.001)
tim.1lr_scheduler.StepLR(optimizer, step_size=3, gamma=0.97)

1 from torchvision import transforms

2

3 transform = transforms.Compose([

4

O o0 N o un

10
11

D

transforms.
transforms.
transforms.
transforms.
transforms.
transforms.

Lambda(lambda img: img.convert("RGB")), # I s, o« Jisn3 RGB
RandomHorizontalFlip(),

RandomVerticalFlip(),

RandomRotation(10),

Resize((128,128)),

ToTensor()
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1 transforms.Lambda(lambda img: img.convert("RGB"))
2 from torchvision import transforms

3

4 transform = transforms.Compose([

5
6
7
8
9

10
11

transforms.Lambda(lambda img: img.convert("RGB")),
transforms.Resize((128, 128)),
transforms.ToTensor()

ck_dataset = CKPlusDataset(df_ck, transform=transform)
ck_loader = DatalLoader(ck_dataset, batch_size=8, shuffle=True)

# S5l s wasd (epochs)
epochs = 190

for epoch in range(epochs):
print(f"\nEpoch {epoch+1}/{epochs}")
model.train() # ol jsh (3 zisll g

running_loss = 0.0
correct = 0
total = @

# ol clés e il
for inputs, labels in ck_loader:

P2.ipynb - Colab

# sy e dissi rsos e RGB

inputs, labels = inputs.to(device), labels.to(device)

# Al Gl pead
optimizer.zero_grad()

# gl o Jsanll zasall Jala seall e
outputs = model(inputs)

# 5,keall Gl
loss = criterion(outputs, labels)

#osedll o 2l )55V Cuaas
loss.backward()
optimizer.step()

# 5okedl) auens
running loss += loss.item()

# dasaaall Clad gl Clea
_, preds = torch.max(outputs, 1)

correct += (preds == labels).sum().item()
total += labels.size(®)

# U b gd s epoch
epoch_loss = running_loss / len(ck_loader)
epoch_acc = correct / total

Epoch 1/190
1.1109 Acc: 0.6837

Epoch 2/190
0.6920 Acc: 0.7902

Epoch 3/190
0.5711 Acc: 0.8087

Epoch 4/190
0.3924 Acc: 0.8772

Epoch 5/190
0.3459 Acc: 0.8880

print(f"Loss: {epoch_loss:.4f} Acc: {epoch_acc:.4f}")
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Epoch 6/190
Loss: ©.2827 Acc: 0.9098

Epoch 7/190
Loss: 0.2301 Acc: 0.9348

Epoch 8/190
Loss: ©.1458 Acc: 0.9511

Epoch 9/190
Loss: 0.2183 Acc: 0.9207

Epoch 10/190
Loss: 0.1402 Acc: 0.9554

Epoch 11/190
Loss: 0.0863 Acc: 0.9674

Epoch 12/190
Loss: 0.1174 Acc: 0.9587

Epoch 13/190
Loss: 0.0955 Acc: 0.9739

Epoch 14/190
Loss: 0.0770 Acc: 0.9750

Epoch 15/190
Loss: 0.1029 Acc: 0.9685

Epoch 16/190
Loss: 0.0383 Acc: 0.9891

Epoch 17/190
Loss: ©.0338 Acc: 0.9902

Epoch 18/190
Loss: 0.0839 Acc: 0.9717

Epoch 19/190
Loss: 0.0865 Acc: 0.9707

1y_true, y_pred, y_proba = [], [], []
2

3 model.eval()
4 with torch.no_grad():
5 for inputs, labels in ck_loader:

6 inputs = inputs.to(device)

7 outputs = model(inputs)

8 probabilities = torch.softmax(outputs, dim=1)
9 preds = torch.argmax(probabilities, axis=1)
10

11 y_true.extend(labels.numpy())

12 y_pred.extend(preds.cpu().numpy())

13 y_proba.extend(probabilities.cpu().numpy())
14

1 def evaluate_model(model _name, y true, y pred, y proba):

2 labels = sorted(df_ck[ 'emotion'].unique())

3 accuracy = accuracy_score(y_true, y_pred)

4 precision = precision_score(y_true, y pred, average='weighted', zero_division=0)
5 recall = recall_score(y_true, y_pred, average='weighted')

6 f1 = f1_score(y_true, y_pred, average='weighted")

7 cm = confusion_matrix(y_true, y_pred)

8

9 print(f"[{model_name}] Accuracy: {accuracy:.4f}")
10 print("Precision:", precision)
11 print("Recall:", recall)
12 print("Fl-score:", f1)
13 print(“Classification Report:\n", classification_report(y_true, y_pred))
14
15 plt.figure(figsize=(6,5))
16 sns.heatmap(cm, annot=True, fmt='d', cmap='Blues')
17 plt.title('Confusion Matrix')
18 plt.xlabel('Predicted")

19 plt.ylabel('True')
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20
21

plt.show()

22 evaluate_model("ResNetl1l8 on CK+", y true, y_pred, y_proba)

23

[ResNet18 on CK+] Accuracy: 0.0750
Precision: 0.005625
Recall: 0.075

Fl-score: 0.010465116279069767
Classification Report:
precision recall fl-score support
4 0.00 0.00 0.00 45
1 0.00 0.00 0.00 59
2 0.00 0.00 0.00 25
3 0.07 1.00 0.14 69
4 0.00 0.00 0.00 28
5 0.00 0.00 0.00 83
6 0.00 0.00 0.00 593
7 0.00 0.00 0.00 18
accuracy 0.07 920
macro avg 0.01 0.12 0.02 920
weighted avg 0.01 0.07 0.01 920

True

Confusion Matrix

o- 0 0 0 45 0 0 0 0

500
-- 0 0 ] 59 0 0 0 0
~- 0 0 ] 25 0 0 0 0 200
m- 0 0 ] 69 0 0 0 0
300
+- 0 0 ] 28 0 0 0 0
- 200

o- 0 0 0 IIIIII 0 0 0 0 100

~- 0 0 0 18 0 0 0 0

|
L=}

0 1 2 3 4 5 6 7
Predicted

1 model = models.mobilenet_v2(pretrained=False)
2 model.classifier[1] = nn.Linear(model.last_channel, num_classes_ck)
3 model = model.to(device)

4

5 criterion = nn.CrossEntropyloss()
6 optimizer = optim.AdamW(model.parameters(), 1lr=0.001)
7 scheduler = optim.lr_scheduler.StepLR(optimizer, step_size=3, gamma=0.97)

8

1 epochs = 2

2 for epoch in range(epochs):

3 print(f"\nEpoch {epoch+1}/{epochs}")
4 model.train()

5 running_loss, correct = 0.0, ©

6

7 for inputs, labels in ck_loader:

8 inputs, labels = inputs.to(device), labels.to(device)
9 optimizer.zero_grad()
10 outputs = model(inputs)
11 loss = criterion(outputs, labels)
12 loss.backward()
13 optimizer.step()
14
15 _, preds = torch.max(outputs, 1)
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16
17
18
19
20
21
22

correct += torch.sum(preds == labels.data)
running_loss += loss.item() * inputs.size(®)

epoch_loss = running_loss / len(ck_dataset)
epoch_acc = correct.double() / len(ck_dataset)
print(f"Loss: {epoch_loss:.4f} Acc: {epoch_acc:.4f}")

Epoch 1/2
Loss: 1.3544 Acc: 0.6239

Epoch 2/2
Loss: 1.1389 Acc: 0.6674

1y_true, y_pred, y_proba = [], [], []

2

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

5

O 00N O

10
11
12
13
14

for inputs, labels in ck_loader:
inputs = inputs.to(device)
outputs = model(inputs)
probabilities = torch.softmax(outputs, dim=1)
preds = torch.argmax(probabilities, axis=1)

y_true.extend(labels.numpy())
y_pred.extend(preds.cpu().numpy())
y_proba.extend(probabilities.cpu().numpy())

1 evaluate_model("MobileNetV2 on CK+", y_true, y_pred, y_proba)

2
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[MobileNetV2 on CK+] Accuracy: ©.7598

Precision: ©.6824692528735632

Recall: 0.7597826086956522

Fl-score: ©.6938480990845809

Classification Report:

precision

(2] 0.00

1 1.00

2 0.00

3 0.69

4 0.00

5 0.58

6 0.80

7 0.00
accuracy

macro avg 0.38

weighted avg 0.68

recall fil-score
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1 import pandas as pd
2 import numpy as np
3 import torch

4 from torch.utils.data import Dataset, Dataloader

1 0
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3 0
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5 from torchvision import transforms, models

6 from PIL import Image
7 import cv2
8
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9 csv_path = '/content/drive/MyDrive/Datasets/CK+/ckextended.csv'
10 df_ck = pd.read_csv(csv_path)

11
12 # Loy bl e <l

13 print("ssisdl <" df_ck['emotion'].unique())

14 num_classes_ck = df_ck[ 'emotion'].nunique()
15 print("<bdl ae:" ) num_classes_ck)

16

17 # s 13 el 2ol 2 gl A

. .
G

18 df_ck = df_ck[df_ck['emotion'] < num_classes_ck].reset_index(drop=True)

19

[524107 3 6] :s 8l ol

8 bl aace

1 class CKPlusDataset(Dataset):

2 def __init_ (self, dataframe, transform=None):
3 self.df = dataframe

4 self.transform = transform

5

6 def _ len_ (self):
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7 return len(self.df)

8

9 def _ getitem_ (self, idx):

10 pixel_values = [int(p) for p in self.df.iloc[idx]['pixels'].split()]
11 image = np.array(pixel_values, dtype='uint8').reshape(48, 48)
12 image = cv2.cvtColor(image, cv2.COLOR_GRAY2RGB)
13 image = cv2.resize(image, (128,128))

14 image = Image.fromarray(image)

15 label = self.df.iloc[idx]['emotion"]

16 if self.transform:

17 image = self.transform(image)

18 return image, label

19

20 transform = transforms.Compose([

21 transforms.RandomHorizontalFlip(),

22 transforms.RandomVerticalFlip(),

23 transforms.RandomRotation(10),

24 transforms.Resize((128,128)),

25 transforms.ToTensor()

26 ])

27

28 ck_dataset = CKPlusDataset(df_ck, transform=transform)
29 ck_loader = DatalLoader(ck_dataset, batch_size=8, shuffle=True)
30

1 device = torch.device('cuda' if torch.cuda.is_available() else 'cpu')

2

3 model = models.efficientnet_b@(pretrained=False)

4 model.classifier[1] = torch.nn.Linear(model.classifier[1].in_features, num_classes_ck)
5 model = model.to(device)

6

7 criterion = torch.nn.CrossEntropylLoss()

8 optimizer = torch.optim.AdamW(model.parameters(), lr=0.001)

9 scheduler = torch.optim.lr_scheduler.StepLR(optimizer, step_size=3, gamma=0.97)
10

1 def train_model(model, criterion, optimizer, scheduler, num_epochs=2):

2 for epoch in range(num_epochs):

3 print(f"\nEpoch {epoch+1}/{num_epochs}")

4 model.train()

5 running_loss, correct = 0.0, ©

6

7 for inputs, labels in ck_loader:

8 inputs, labels = inputs.to(device), labels.to(device)
9
10 optimizer.zero_grad()
11 outputs = model(inputs)
12 loss = criterion(outputs, labels)
13 loss.backward()
14 optimizer.step()
15
16 _, preds = torch.max(outputs, 1)
17 correct += torch.sum(preds == labels.data)
18 running_loss += loss.item() * inputs.size(9)
19
20 scheduler.step()
21 epoch_loss = running_loss / len(ck_dataset)
22 epoch_acc = correct.double() / len(ck_dataset)
23 print(f"Loss: {epoch_loss:.4f}, Accuracy: {epoch_acc:.4f}")
24 return model
25

1 model = train_model(model, criterion, optimizer, scheduler, num_epochs=2)

N

[

Epoch 1/2
Loss: 1.4943, Accuracy: 0.6228
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Epoch 2/2

Loss: 1.3941, Accuracy: 0.6380

P2.ipynb - Colab

1 from sklearn.metrics import accuracy_score, precision_score, recall_score, fl_score, confusion_matrix, classification_

2 import seaborn as

sns

3 import matplotlib.pyplot as plt

4
5y _true, y pred = [
6

7 model.eval()

])

8 with torch.no_grad():

9 for inputs, labels in ck_loader:

10 inputs = inputs.to(device)

11 outputs = model(inputs)

12 _, preds = torch.max(outputs, 1)
13

14 y_true.extend(labels.numpy())

15 y_pred.extend(preds.cpu().numpy())
16

17 cm = confusion_matrix(y_true, y pred)
18 print("Classification Report:\n", classification_report(y_true, y _pred))

19

20 plt.figure(figsize=(6,5))

21 sns.heatmap(cm, annot=True, fmt='d', cmap='Blues"')

22 plt.title('Confusion Matrix')

23 plt.xlabel('Predicted")

24 plt.ylabel('True')
25 plt.show()
26

Classification Report:

precision recall fl-score
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2 0.00 0.00 ]
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=
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1 import torch
2 import torch.nn as nn
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3 import torch.optim as optim

4 from torchvision import models

5 from torch.optim import 1lr_scheduler

6

7# 1. iy s Gl 2e Ciyyed CK+

8 num_classes_ck = df_ck['emotion'].nunique()

9
10 # 2. zisi Jwead DenseNetl121 4basiy
11 model = models.densenetl2l(pretrained=False)
12 model.classifier = nn.Linear(model.classifier.in_features, num_classes_ck)
13 model = model.to(device)
14
15 # 3. aladll Agaay ueaall Bldll (i gl
16 criterion = nn.CrossEntropylLoss()
17 optimizer = optim.AdamW(model.parameters(), 1lr=0.001)
18 exp_lr_scheduler = 1lr_scheduler.StepLR(optimizer, step_size=7, gamma=0.1)
19
20 # 4. cuoxll Al Gy s
21 def train_model(model, criterion, optimizer, scheduler, num_epochs=1):

22 for epoch in range(num_epochs):

23 print(f"\nEpoch {epoch+1}/{num_epochs}")

24 model.train()

25 running_loss = 0.0

26 correct = 0

27 total = ©

28

29 for inputs, labels in ck_loader:

30 inputs, labels = inputs.to(device), labels.to(device)
31

32 optimizer.zero_grad()

33 outputs = model(inputs)

34 loss = criterion(outputs, labels)

35 loss.backward()

36 optimizer.step()

37

38 running_loss += loss.item()

39 _, preds = torch.max(outputs, 1)

40 correct += (preds == labels).sum().item()
41 total += labels.size(9)

42

43 scheduler.step()

44 epoch_loss = running_loss / len(ck_loader)

45 epoch_acc = correct / total

46 print(f"Loss: {epoch_loss:.4f} Acc: {epoch_acc:.4f}")
47 return model

48

49 # 5. u,ull aw
50 model = train_model(model, criterion, optimizer, exp_lr_scheduler, num_epochs=1)
51

Epoch 1/1
Loss: 1.4176 Acc: 0.6283

1 model = models.vggl6(pretrained=False)

2 model.classifier[6] = nn.Linear(model.classifier[6].in_features, num_classes_ck)
3 model = model.to(device)

4

5 optimizer = optim.AdamW(model.parameters(), 1lr=0.001)

6 model = train_model(model, criterion, optimizer, exp_lr_scheduler, num_epochs=1)
7

Epoch 1/1
Loss: 8.4048 Acc: 0.6326

1ly_true, y_pred, y_proba = [], [], []
2

3 model.eval()
4 with torch.no_grad():
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for inputs, labels in ck_loader:

O 0N O

10
11
12
13
14

inputs = inputs.to(device)
outputs = model(inputs)

probabilities = torch.softmax(outputs, dim=1)
preds = torch.argmax(probabilities, axis=1)

y_true.extend(labels.numpy())
y_pred.extend(preds.cpu().numpy())

y_proba.extend(probabilities.cpu().numpy())

15 y_true = np.array(y_true)
16 y_pred = np.array(y_pred)
17 y_proba = np.array(y_proba)

18

19 evaluate_model("dnsll o, y_true, y_pred, y_proba)

20

[Jnsall asl] Accuracy: 0.6446
Precision: 0.41546431947069945
Recall: 0.6445652173913043

Fi1-

score: ©.5052573349808903

Classification Report:

precision

4 0.00 0.00

1 0.00 0.00

2 0.00 0.00
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4 0.00 0.00

5 0.00 0.00

6 0.64 1.00
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macro avg 0.08 0.12

weighted avg 0.42 0.64
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1 import torch

2 import torch.nn as nn

3 import torch.optim as optim
4 from torchvision import models, transforms

5 from torch.utils.data import Dataset, DatalLoader

6 from PIL import Image
7 import os

8 import cv2

9 import numpy as np

1 transform = transforms.Compose([
transforms.RandomHorizontalFlip(),

2

0

recall fil-score

.00

00

.00
.00

00

.00
.78
.00

.64
.10
.51

support

45

59

25

69

28

83

18

45
59
25

500

400

300

- 200

- 100

P2.ipynb - Colab

https://colab.research.google.com/drive/1b5gHcZHXbD9LoZoKsLt9Lc4bGbHk-foO#printMode=true

39/61



8/20/25, 9:05 PM P2.ipynb - Colab

3 transforms.RandomVerticalFlip(),

4 transforms.RandomRotation(20),

5 transforms.ColorJitter(brightness=0.2, contrast=0.2, saturation=0.2),
6 transforms.Resize((224,224)),

7 transforms.ToTensor(),

8 transforms.Normalize([0.485, ©0.456, 0.406], [0.229, ©0.224, 0.225])

9 1)
10

1# 2. Dataset J JAFFE

2 class JaffeDataset(Dataset):

3 def __init_ (self, root_dir, transform=None):

4 self.root_dir = root_dir

5 if not os.path.exists(root_dir):

6 print(f" usadl {root_dir} Lo, go aSLidl clay 0l Log>s0 e Google Drive oLl il sg>540.")
7 self.image_files = []

8

9

else:
self.image_files = [f for f in os.listdir(root_dir) if f.endswith(".tiff")]

10 self.transform = transform
11
12 def __len_ (self):
13 return len(self.image_files)
14
15 def _ getitem_ (self, idx):
16 img_path = os.path.join(self.root_dir, self.image_files[idx])
17 image = Image.open(img_path).convert('RGB")
18 if self.transform:
19 image = self.transform(image)
20 label = int(self.image_files[idx].split('.")[1]) # gad! pubiCll cuwos ol ddadl pwl (oo dnbeas )l gkl
21 return image, label

1 emotion_labels = set()

2

3 for f in os.listdir(jaffe_path):

4 if f.endswith(".tiff"):

5 parts = f.split('.")

6 if len(parts) >= 2:

7 emotion_labels.add(parts[1]) # Jio "SU2" « Lis Je¥1 3,01 isxls
8

9# e ldall Jias gudy> Joi his (SU, NE, etc)
10 emotion_labels = set([label[:2] for label in emotion_labels])
11 num_classes_jaffe = len(emotion_labels)
12

1 import os

2 from PIL import Image

3 import torch

4 from torch.utils.data import Dataset

5 from torchvision import transforms

6

7 # oS i JaffeDataset <lly 4sllaal JAFFE
8 class JaffeDataset(Dataset):

9 def __init_ (self, root_dir, transform=None):
10 self.root_dir = root_dir
11 self.image_files = [f for f in os.listdir(root_dir) if f.endswith(".tiff")]
12 self.transform = transform
13
14 # ol ) selid)l Ssa) dasst Gesell el
15 self.emotion_dict = {
16 'AN': @, # Angry
17 'DI': 1, # Disgust
18 'FE': 2, # Fear
19 'HA': 3, # Happy
20 'NE': 4, # Neutral
21 'SA': 5, # Sad
22 'SU': 6  # Surprise
23 }
24
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25 def __len_ (self):

26 return len(self.image_files)

27

28 def _ getitem_ (self, idx):

29 # Bysall Jeas

30 image_path = os.path.join(self.root_dir, self.image_files[idx])
31 image = Image.open(image_path).convert('L') # 4k, 3 sal
32

33 # Gy o) SOl Gl

34 if self.transform:

35 image = self.transform(image)

36

37 # Gl il e seliall ey glsaiu) (Bbe SA e KA.SAL.93.tiff)

38 emotion_code = self.image_files[idx].split('."')[1][:2]
39 label = self.emotion_dict[emotion_code]

40

41 return image, label

42

1 from google.colab import drive

2 drive.mount('/content/drive")

3

4 11s "/content/drive/MyDrive/Datasets/FER-2013/train"
5

Drive already mounted at /content/drive; to attempt to forcibly remount, call drive.mount("/content/drive", force_remount=True).
angry disgust fear happy neutral sad surprise

1 from torchvision import datasets, transforms

2

3 transform = transforms.Compose([

4 transforms.Grayscale(num_output_channels=3), # Ls= oY FER-2013 ink,
5 transforms.Resize((224, 224)),

6 transforms.ToTensor()

71)

8

9 train_dir = "/content/drive/MyDrive/Datasets/FER-2013/train"

10 full_dataset = datasets.ImageFolder(root=train_dir, transform=transform)
11

12 print(f"_os<ll 2e: {len(full_dataset)}")

13 print(f"«ldll: {full_dataset.classes}")

14

26580 :osall e
aidl: ['angry', 'disgust', 'fear', 'happy', 'neutral’,

sad', 'surprise']

1 import random

2 from torch.utils.data import Subset

3 from collections import defaultdict

4

5 samples_per_class = 1000 # 48 JSI adY) aal
6

7 # SOl #1,a5ul (labels)

8 targets = full_dataset.targets

9 class_indices = defaultdict(list)

10

11 # 48 J< Gulgdll ppens

12 for idx, label in enumerate(targets):

13 class_indices[label].append(idx)

14

15 # 48 S e Aflsde Glue ladl

16 selected_indices = []

17 for cls, indices in class_indices.items():

18 if len(indices) > samples_per_class:

19 selected_indices.extend(random.sample(indices, samples_per_class))
20 else:

21 selected_indices.extend(indices) # J<U 3l 1000 oo Jil

22

23 # L4l Subset
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24 subset_dataset = Subset(full_dataset, selected_indices)
25

26 print(f" @ Subset »ls: {len(subset_dataset)} sus=.")
27

5% @ Subset s,s= 6393 :lals.

1 from torch.utils.data import Dataloader

2

3 train_loader = Dataloader(subset_dataset, batch_size=16, shuffle=True)
4

1

2 # Lt 28 < Le 1000 e st saas AE L)

3 samples_per_class = 1000

4 targets = full_dataset.targets

5 class_indices = {cls: [] for cls in range(len(full_dataset.classes))}
6

7 # A s Gl dsdl e

8 for idx, label in enumerate(targets):

9 if len(class_indices[label]) < samples_per_class:
10 class_indices[label].append(idx)
11

12 # e Sl dsdl me
13 final_indices = [idx for indices in class_indices.values() for idx in indices]
14 subset_dataset = Subset(full dataset, final_indices)

1# 1) <Ll Subset (Slsdie) 48 JU die 10 Ja o)lse
2 import random

3 from torch.utils.data import Subset

4 from collections import defaultdict

5

6 samples_per_class = 15 # gl ag o Ll

7

8 # zl Al targets g ofe JS& ImageFolder

9 if hasattr(full_dataset, "targets"):

10 targets = list(full_dataset.targets)

11 elif hasattr(full_dataset, "samples"):

12 targets = [1bl for _, 1bl in full_dataset.samples]
13 else:

14 raise AttributeError("ss ¢« oSal o labels & full_dataset (¥ targets Ys samples).")
15

16 class_indices = defaultdict(list)

17 for idx, label in enumerate(targets):

18 class_indices[label].append(idx)

19

20 selected_indices = []

21 for cls, indices in class_indices.items():

22 k = min(samples_per_class, len(indices))
23 selected_indices.extend(random.sample(indices, k))
24

25 random.shuffle(selected_indices)

26 subset_dataset = Subset(full_dataset, selected_indices)

27 print(f" @ Subset »ls: {len(subset_dataset)} e 3,3= {len(full_dataset.classes)} s, ")
28

@ Subset ¥ 7 e 5,5 105 : b,

[

1 # 2) Dataloaders Gisilly cuaill

2 from torch.utils.data import random_split, DatalLoader

3 import torch

4

5 device = torch.device('cuda' if torch.cuda.is_available() else 'cpu')
6

7 val_ratio = 0.15

8 val_len = int(len(subset_dataset) * val_ratio)
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9 train_len = len(subset_dataset) - val_len

10 train_ds, val_ds = random_split(subset_dataset, [train_len, val_len],

11 generator=torch.Generator().manual_seed(42))
12

13 train_loader = Dataloader(train_ds, batch_size=64, shuffle=True, num_workers=2, pin_memory=True)
14 val_loader = DatalLoader(val_ds, batch_size=64, shuffle=False, num_workers=2, pin_memory=True)

15
16 len(train_ds), len(val_ds)
17

5% (99, 15)

1# 3) bés ae mm «u)y¥ + zisi Training/Validation Accuracy
2 import torch.nn as nn

3 import torch.optim as optim

4 from torchvision.models import resnetl8, ResNetl18 Weights
5

6 num_classes = len(full_dataset.classes)

7

8 model = resnetl8(weights=ResNet18 Weights.DEFAULT)

9 model.fc = nn.Linear(model.fc.in_features, num_classes)
10 model = model.to(device)
11
12 criterion = nn.CrossEntropyLoss()
13 optimizer = optim.AdamW(model.parameters(), lr=le-3)
14
15 epochs = 50 # gl cunill 3 pma Lelas
16 train_acc_history, val_acc_history = [], []

17

18 for epoch in range(1l, epochs+l):

19 # ---- TRAIN ----

20 model.train()

21 tr_correct = tr_total = 0

22 for x, y in train_loader:

23 X, y = X.to(device), y.to(device)

24 optimizer.zero_grad()

25 out = model(x)

26 loss = criterion(out, y)

27 loss.backward()

28 optimizer.step()

29 tr_correct += (out.argmax(l) == y).sum().item()

30 tr_total += x.size(©)

31 train_acc = tr_correct / tr_total

32 train_acc_history.append(train_acc)

33

34 # ---- VAL ----

35 model.eval()

36 va_correct = va_total = @

37 with torch.no_grad():

38 for x, y in val_loader:

39 X, Yy = X.to(device), y.to(device)

40 out = model(x)

41 va_correct += (out.argmax(l) == y).sum().item()

42 va_total += x.size(©)

43 val_acc = va_correct / va_total

44 val_acc_history.append(val_acc)

45

46 print(f"Epoch {epoch}/{epochs} | Train Acc {train_acc:.4f} | Val Acc {val_acc:.4f}")

47

5% Epoch 1/50 | Train Acc 0.1556 | Val Acc 0.0667
Epoch 2/50 | Train Acc 0.9000 | Val Acc 0.2667
Epoch 3/50 | Train Acc ©.9778 | Val Acc ©.2000
Epoch 4/50 | Train Acc ©.9778 | Val Acc ©.3333
Epoch 5/50 | Train Acc 1.0000 | Val Acc 0.2667
Epoch 6/50 | Train Acc 1.0000 | Val Acc ©.3333
Epoch 7/50 | Train Acc 1.0000 | Val Acc 0.3333
Epoch 8/50 | Train Acc 1.0000 | Val Acc ©.3333
Epoch 9/50 | Train Acc 1.0000 | Val Acc 0.4000

Epoch 10/50 | Train Acc 1.0000 | Val Acc 0.4000
Epoch 11/50 | Train Acc 1.0000 | Val Acc ©.3333
Epoch 12/50 | Train Acc 1.0000 | Val Acc 0.2000
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Epoch 13/50
Epoch 14/50
Epoch 15/50
Epoch 16/50
Epoch 17/50
Epoch 18/50
Epoch 19/50
Epoch 20/50
Epoch 21/50
Epoch 22/50
Epoch 23/50
Epoch 24/50
Epoch 25/50
Epoch 26/50
Epoch 27/50
Epoch 28/50
Epoch 29/50
Epoch 30/50
Epoch 31/50
Epoch 32/50
Epoch 33/50
Epoch 34/50
Epoch 35/50
Epoch 36/50
Epoch 37/50
Epoch 38/50
Epoch 39/50
Epoch 40/50
Epoch 41/50
Epoch 42/50
Epoch 43/50
Epoch 44/50
Epoch 45/50
Epoch 46/50
Epoch 47/50
Epoch 48/50
Epoch 49/50
Epoch 50/50

14# 4) Slisidl awy: Training Accuracy s Validation Accuracy
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2 import matplotlib.pyplot as plt

3

4 plt.figure(figsize=(8,5))

5 plt.plot(train_acc_history, label='Training Accuracy')
6 plt.plot(val_acc_history, label='Validation Accuracy')
7 plt.xlabel('Epoch'); plt.ylabel('Accuracy'); plt.title('Training vs Validation Accuracy')
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8 plt.grid(True); plt.legend(); plt.show()
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1 import matplotlib.pyplot as plt

2 import random

3 import torch

4

54# of xU subset_dataset s full_dataset s model (s~
6

7 indices = random.sample(range(len(subset_dataset)), 8)
8 fig, axes = plt.subplots(2, 4, figsize=(15,6))

9
10 model.eval()
11 with torch.no_grad():

12 for ax, idx in zip(axes.flat, indices):

13 img, true_label = subset_dataset[idx]

14

15 # zisall B)sall s

16 inp = img.unsqueeze(@).to(device) # 2 4lal batch

17 output = model(inp)

18 pred_label = output.argmax(1)

19

20 # oall ssall Sad (0e Tensor S numpy)

21 img_disp = img.permute(1, 2, 0).cpu().numpy()

22 img_disp = (img_disp - img_disp.min()) / (img_disp.max() - img_disp.min())
23

24 ax.imshow(img_disp)

25 ax.set_title(

26 f"True: {full_dataset.classes[true_label]}\nPred: {full_dataset.classes[pred_label.item()]}",
27 fontsize=10,

28 color="green' if pred_label.item() == true_label else 'red’

29 )

30 ax.axis('off")

31

32 plt.tight_layout()
33 plt.show()
34

True: sad True: surprise True: happy True: surprise
Pred: fear Pred: surprise Pred: happy Pred: disgust

True: angry True: surprise True: fear True: happy
Pred: angry Pred: surprise Pred: fear Pred: happy

>

1 from sklearn.metrics import classification_report, confusion_matrix
2 import seaborn as sns
3 import matplotlib.pyplot as plt
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4 import numpy as np

5

6 # 1. dexdivdl ool Ao gene (b o bl g
7 y_true = []

8 y_pred = []

9
10 model.eval()
11 with torch.no_grad():

12 for inputs, labels in train_loader:

13 inputs = inputs.to(device)

14 labels = labels.to(device)

15 outputs = model(inputs)

16 _, preds = torch.max(outputs, 1)

17 y_true.extend(labels.cpu().numpy())
18 y_pred.extend(preds.cpu().numpy())
19

20 # 2. ) Gl

21 print("fll [Classification Report]")

22 print(classification_report(y_true, y _pred, target_names=full dataset.classes))
23

24 # 3. oY) ddshias

25 cm = confusion_matrix(y_true, y_pred)

26

27 plt.figure(figsize=(8,6))

28 sns.heatmap(cm, annot=True, fmt='d', cmap='Blues’,
29 xticklabels=full_dataset.classes,

30 yticklabels=full dataset.classes)

31 plt.title("® Confusion Matrix")

32 plt.xlabel("Predicted")

33 plt.ylabel("True")

34 plt.show()

35
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fil [Classification Report]

precision recall fl-score support

angry 1.00 1.00 1.00 13
disgust 1.00 1.00 1.00 13
fear 1.00 1.00 1.00 14
happy 1.00 1.00 1.00 14
neutral 1.00 1.00 1.00 13
sad 1.00 1.00 1.00 12
surprise 1.00 1.00 1.00 11
accuracy 1.00 90
macro avg 1.00 1.00 1.00 90
weighted avg 1.00 1.00 1.00 920

] Confusion Matrix

True
neutral  happy fear  disgust angry

sad

7]
A
g ] 0 (] 0
=
@
] | | | | |
angry  disgust fear happy  neutral sad
Predicted
1 train_acc_history ck = []
2 val_acc_history_ck = []
3
4 for epoch in range(epochs):
5 e
6 # s 2 train_acc 5 val_acc
7 train_acc_history_ck.append(train_acc)
8 val_acc_history_ck.append(val_acc)
9
10

1# conl aey zhsall aia
2 torch.save(model.state dict(), 'emotion_model.pth")
3

4 # Jih zisdll Lis Google Drive

5 torch.save(model.state _dict(), '/content/drive/MyDrive/emotion_model.pth")

6

1 import torch

2 from torchvision import models

3

4% B o GV dosdl Je o il

5 # Jis: ResNetl8 msall csliall sy

6 num_classes = len(full _dataset.classes) # ULy 2l Jaal

P2.ipynb - Colab

14

12

10

surprise

7 model_loaded = models.resnetl8(weights=None) # 4 <uyy A syl (i

8 model_loaded.fc = torch.nn.Linear(model_loaded.fc.in_features, num_classes)

9
10# B 05y s

11 model_loaded.load_state_dict(torch.load('/content/drive/MyDrive/emotion_model.pth', map_location=device))
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13# F ~8) ans 4 dosdl gy
14 model loaded = model_loaded.to(device)
15 model_loaded.eval()

16

17 print (" b zisadl Juwad &)

18

M b il diead

1 from torch.utils.data import random_split, DatalLoader

2

34 (%15 Se) il clid) ds
4 val_ratio = 0.15

5val_len = int(len(subset_dataset) * val_ratio)

6 train_len = len(subset_dataset) - val_len

7

8 train_ds, val_ds = random_split(subset_dataset, [train_len, val_len],

9 generator=torch.Generator().manual_seed(42))

10

11 train_loader = DatalLoader(train_ds, batch_size=64, shuffle=True, num_workers=2, pin_memory=True)
12 val_loader = DatalLoader(val_ds, batch_size=64, shuffle=False, num_workers=2, pin_memory=True)
13

1 for epoch in range(1, epochs+1):

u b wN

1 train_acc_history =
2 val_acc_history = []

for x, y in val_loader:

[1

3

4 for epoch in range(1l, epochs+1):

5 # ---- Training ----

6 model.train()

7 train_loss, train_correct, train_count = 0.0, 0, 0
8

9 for x, y in train_loader:
10 X, y = X.to(device), y.to(device)
11
12 optimizer.zero_grad()
13 logits = model(x)
14 loss = criterion(logits, y)
15 loss.backward()
16 optimizer.step()
17
18 train_loss += loss.item() * x.size(9)
19 train_correct += (logits.argmax(1l) == y).sum().item()
20 train_count += x.size(0)
21
22 train_loss /= train_count
23 train_acc = train_correct / train_count
24 train_acc_history.append(train_acc)
25
26 # ---- Validation ----
27 model.eval()
28 val_loss, val_correct, val_count = 0.0, 0, ©
29
30 with torch.no_grad():
31 for x, y in val_loader:
32 X, Yy = X.to(device), y.to(device)
33 logits = model(x)
34 loss = criterion(logits, y)
35
36 val_loss += loss.item() * x.size(®)
37 val_correct += (logits.argmax(1l) == y).sum().item()
38 val_count += x.size(0)
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39
40
41

val_loss /= val_count
= val_correct / val_count
val_acc_history.append(val_acc)

val_acc

print(f"Epoch {epoch}/{epochs} | "
f"Train Loss: {train_loss:.4f} Acc: {train_acc:.4f} | "
f"Val Loss: {val_loss:.4f} Acc: {val_acc:.4f}")
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1 import matplotlib.pyplot

2
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as plt

3 plt.figure(figsize=(8,5))
4 plt.plot(train_acc_history, label="Train Accuracy")
5 plt.plot(val_acc_history, label="Validation Accuracy")
6 plt.xlabel("Epoch")

7 plt.ylabel("Accuracy")
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8 plt.title("Training vs Validation Accuracy")

9 plt.legend()

10 plt.grid(True)
11 plt.show()

12
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Training vs Validation Accuracy

1.0

0.9

0.8

0.7

o —— Train Accuracy
' —— Walidation Accuracy

Accuracy

0.5

0.4

0.3

0.2

Epoch

1# o Hlus test

2 test_dir = '/content/drive/MyDrive/Datasets/FER-2013"

3

4 # ol Juexs test

5 test_dataset = datasets.ImageFolder(root=test_dir, transform=transform)
6 test_loader = Dataloader(test_dataset, batch_size=16, shuffle=False)
7

8 # dsaidl LS

9 model.eval()

10 correct, total = 0, ©

11 with torch.no_grad():

12 for inputs, labels in test_loader:

13 inputs, labels = inputs.to(device), labels.to(device)
14 outputs = model(inputs)

15 _, preds = torch.max(outputs, 1)

16 total += labels.size(9)

17 correct += (preds == labels).sum().item()

18

19 print(f" [ Test Accuracy: {100 * correct / total:.2f}%")

20

1 import os

2 from PIL import Image

3 import torch

4 import torch.nn as nn

5 import torch.optim as optim

6 from torch.utils.data import Dataset, Dataloader
7 from torchvision import transforms, models
8 import matplotlib.pyplot as plt

9

10 # 1. 38 Dataset Ls=l JAFFE

11 class JaffeDataset(Dataset):

12 def __init_ (self, root_dir, transform=None):
13 self.root_dir = root_dir

14 self.image_files = [f for f in os.listdir(root_dir) if f.endswith(".tiff")]
15 self.transform = transform

16 self.emotion_dict = {

17 'AN': @, 'DI': 1, 'FE': 2,

18 'HA': 3, 'NE': 4, 'SA': 5, 'SU': 6
19 }

20

21 def __len_ (self):

22 return len(self.image_files)

23

24 def _ getitem_ (self, idx):
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25 image_path = os.path.join(self.root_dir, self.image_files[idx])
26 image = Image.open(image_path).convert('L') # 4k,

27

28 if self.transform:

29 image = self.transform(image)

30

31 emotion_code = self.image_files[idx].split("'."')[1][:2]
32 label = self.emotion_dict[emotion_code]

33

34 return image, label

35

36 # 2. Awliadl Wil (M g3k, e Jiss3 RGB)
37 transform = transforms.Compose([

38 transforms.Lambda(lambda img: img.convert("RGB")),
39 transforms.Resize((128, 128)),

40 transforms.ToTensor()

417)

42

43 # 3. <l Jaess

44 jaffe_path = '/content/drive/MyDrive/Datasets/jaffe’

45 jaffe_dataset = JaffeDataset(jaffe_path, transform=transform)

46 jaffe_loader = DatalLoader(jaffe_dataset, batch_size=8, shuffle=False)
47

48 # 4. (el 7) il aae

49 num_classes = 7

50 device = torch.device("cuda" if torch.cuda.is_available() else "cpu")
51

52 # 5. gAY clida daedy zildl Juss

53 resnet = models.resnetl8(pretrained=True)

54 resnet.fc = nn.Linear(resnet.fc.in_features, num_classes)

55 resnet = resnet.to(device)

56

57 mobilenet = models.mobilenet_v2(pretrained=True)

58 mobilenet.classifier[1] = nn.Linear(mobilenet.classifier[1].in_features, num_classes)
59 mobilenet = mobilenet.to(device)

60

61 # 6. e~ Ay

62 def evaluate_model(model, dataloader, device):

63 model.eval()

64 correct = 0@

65 total = @

66 with torch.no_grad():

67 for inputs, labels in dataloader:

68 inputs, labels = inputs.to(device), labels.to(device)
69 outputs = model(inputs)

70 _, preds = torch.max(outputs, 1)

71 correct += (preds == labels).sum().item()
72 total += labels.size(9)

73 accuracy = 100 * correct / total

74 return accuracy

75

76 # 7. (pemo¥ & ol 1Y ALE 8 8) gzl J AR Gl

77 resnet_acc = evaluate_model(resnet, jaffe_loader, device)

78 mobilenet_acc = evaluate_model(mobilenet, jaffe_loader, device)
79

80 # 8. Uil Lae

81 print(f" [ ResNet18 Accuracy: {resnet_acc:.2f}%")

82 print(f" [ MobileNetV2 Accuracy: {mobilenet_acc:.2f}%")

83

84 # 9. Al Jly amy

85 results = {

86 'ResNetl18': resnet_acc,

87 'MobileNetV2': mobilenet_acc
88 }

89

90 plt.bar(results.keys(), results.values())
91 plt.ylabel("Accuracy (%)")

92 plt.title("Model Comparison on JAFFE")

93 plt.ylim(@, 100)
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94 plt.show()
95

1 import os

2 from PIL import Image

3 import torch

4 import torch.nn as nn

5 import torch.optim as optim

6 from torch.utils.data import Dataset, Dataloader
7 from torchvision import transforms, models, datasets
8 import matplotlib.pyplot as plt

9
10 # 1. >S Dataset Ls=l JAFFE
11 class JaffeDataset(Dataset):

12 def __init_ (self, root_dir, transform=None):

13 self.root_dir = root_dir

14 self.image_files = [f for f in os.listdir(root_dir) if f.endswith(".tiff")]
15 self.transform = transform

16 self.emotion_dict = {

17 "AN': @, 'DI': 1, 'FE': 2,

18 "HA': 3, 'NE': 4, 'SA': 5, 'SU': 6

19 }

20

21 def _ len_ (self):

22 return len(self.image_files)

23

24 def _ getitem_ (self, idx):

25 image_path = os.path.join(self.root_dir, self.image_files[idx])
26 image = Image.open(image_path).convert('L') # 4k,

27 if self.transform:

28 image = self.transform(image)

29 emotion_code = self.image files[idx].split('."')[1][:2]
30 label = self.emotion_dict[emotion_code]

31 return image, label

32

33 # 2. SOhedll o)
34 transform = transforms.Compose([

35 transforms.Lambda(lambda img: img.convert("RGB")),
36 transforms.Resize((128, 128)),

37 transforms.ToTensor()

38 1)

39

40 # 3. <Ully Jwai JAFFE

41 jaffe_path = '/content/drive/MyDrive/Datasets/jaffe’

42 jaffe_dataset = JaffeDataset(jaffe_path, transform=transform)

43 jaffe_loader = DatalLoader(jaffe_dataset, batch_size=8, shuffle=False)
44

45 # 4. zisai w3 ResNetl18 5,aY) dbkll doaed + Gise G

46 num_classes = 7

47 device = torch.device("cuda" if torch.cuda.is_available() else "cpu")
48

49 resnet = models.resnetl8(pretrained=True)

50 resnet.fc = nn.Linear(resnet.fc.in_features, num_classes)

51 resnet = resnet.to(device)

52

53 # 5, 48l sy Al

54 def evaluate_model(model, dataloader, device):

55 model.eval()

56 correct, total =9, ©

57 with torch.no_grad():

58 for inputs, labels in dataloader:

59 inputs, labels = inputs.to(device), labels.to(device)
60 outputs = model(inputs)

61 _, preds = torch.max(outputs, 1)

62 correct += (preds == labels).sum().item()
63 total += labels.size(9)

64 return 100 * correct / total

65

66 # 6. o zisill A JAFFE
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67 acc_jaffe = evaluate_model(resnet, jaffe_loader, device)

68 print(f" [ IJAFFE Accuracy: {acc_jaffe:.2f}%")

69

70 # 7. e zisill @ FER-2013/test

71 test_dir = '/content/drive/MyDrive/Datasets/FER-2013/test’

72 test_dataset = datasets.ImageFolder(root=test_dir, transform=transform)
73 test_loader = DatalLoader(test_dataset, batch_size=16, shuffle=False)
74

75 acc_fer = evaluate_model(resnet, test_loader, device)

76 print(f" [ FER-2013 Test Accuracy: {acc_fer:.2f}%")

77

78 # 8. Sl auy G ol e

79 results = {

80 "JAFFE': acc_jaffe,
81 'FER-2013': acc_fer
82 }

83

84 plt.bar(results.keys(), results.values())
85 plt.ylabel("Accuracy (%)")

86 plt.title("Model Accuracy Comparison")
87 plt.ylim(0@, 100)

88 plt.show()

89

/usr/local/lib/python3.11/dist-packages/torchvision/models/_utils.py:208: UserWarning: The parameter 'pretrained' is deprecated since 0.
warnings.warn(

/usr/local/lib/python3.11/dist-packages/torchvision/models/_utils.py:223: UserWarning: Arguments other than a weight enum or “None™ for
warnings.warn(msg)

Downloading: "https://download.pytorch.org/models/resnet18-f37072fd.pth" to /root/.cache/torch/hub/checkpoints/resnet18-f37072fd.pth

100% | INNIEIEEEE| 24.7M/44.7M [00:00<00:00, 137MB/s]

JAFFE Accuracy: 14.08%

FER-2013 Test Accuracy: 14.68%

Model Accuracy Comparison
100

80

60 4

Accuracy (%)

20 7

JAFFE FER-2013

1 from torchvision import transforms

2
3 transform = transforms.Compose([
4 transforms.RandomHorizontalFlip(),

5 transforms.RandomRotation(20),

6 transforms.RandomResizedCrop(128, scale=(0.8, 1.9)),
7 transforms.ColorJitter(brightness=0.2, contrast=0.2),
8 transforms.ToTensor(),

9

D
10

1 from torchvision.models import efficientnet_be

2 model = efficientnet_be@(pretrained=True)

3 model.classifier[1] = nn.Linear(model.classifier[1].in_features, num_classes)
4
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E{} /usr/local/lib/python3.11/dist-packages/torchvision/models/_utils.py:208: UserWarning: The parameter 'pretrained' is deprecated since 0.

warnings.warn(

/usr/local/lib/python3.11/dist-packages/torchvision/models/_utils.py:223: UserWarning: Arguments other than a weight enum or “None™ for

warnings.warn(msg)

Downloading: "https://download.pytorch.org/models/efficientnet_b@_rwightman-7f5810bc.pth" to /root/.cache/torch/hub/checkpoints/efficier

100% | INIEEIIIEE| 20.5M/20.5M [00:00<00:00, 149MB/s]

1 for name, param in model.named_parameters():

2 param.requires_grad = "classifier" in name or "fc" in name

3

1# M Cell 4: ;3505 Juaxs Vision Transformer oliiill sus cws 4dousi,

2 from torchvision.models import vit_b_16
3
4 def get_vit_model(num_classes):

5 model = vit_b_16(pretrained=True)

6 model.heads.head = nn.Linear(model.heads.head.in_features, num_classes)
7 return model.to(device)

8

1# Cell 5: alusswly gdsaidl woyas K-Fold Cross Validation
2 def train_kfold(dataset, k=5, epochs=3, batch_size=8, lr=le-4):

3 skf = StratifiedKFold(n_splits=k, shuffle=True, random_state=42)
4 labels = dataset.labels
5 fold_accuracies = []
6
7 for fold, (train_idx, val_idx) in enumerate(skf.split(np.zeros(len(labels)), labels)):
8 print(f"\nf@ Fold {fold+1}/{k}")
9
10 train_subset = Subset(dataset, train_idx)
11 val_subset = Subset(dataset, val_idx)
12
13 train_loader = Dataloader(train_subset, batch_size=batch_size, shuffle=True)
14 val_loader = DatalLoader(val_subset, batch_size=batch_size, shuffle=False)
15
16 model = get_vit_model(num_classes=7)
17 optimizer = optim.Adam(model.parameters(), lr=1r)
18 criterion = nn.CrossEntropyLoss()
19
20 for epoch in range(epochs):
21 model.train()
22 running_loss, correct, total = 0.0, 0, ©
23
24 for inputs, labels in train_loader:
25 inputs, labels = inputs.to(device), labels.to(device)
26 optimizer.zero_grad()
27 outputs = model(inputs)
28 loss = criterion(outputs, labels)
29 loss.backward()
30 optimizer.step()
31 running_loss += loss.item()
32 _, preds = torch.max(outputs, 1)
33 correct += (preds == labels).sum().item()
34 total += labels.size(©)
35
36 train_acc = 100 * correct / total
37 print(f" Epoch {epoch+1}/{epochs} - Loss: {running_loss:.4f} - Accuracy: {train_acc:.2f}%")
38
39 # Evaluation on validation set
40 model.eval()
41 correct, total = 0, ©
42 with torch.no_grad():
43 for inputs, labels in val_loader:
44 inputs, labels = inputs.to(device), labels.to(device)
45 outputs = model(inputs)
46 _, preds = torch.max(outputs, 1)
47 correct += (preds == labels).sum().item()
48 total += labels.size(9)
AQ val arre = 1000 * rarract / +nt2al
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- vui_uve — avuv LUl LLL 7 tuiua

50 fold_accuracies.append(val_acc)

51 print(f"@ Fold {fold+1} Validation Accuracy: {val acc:.2f}%")
52

53 avg_acc = sum(fold_accuracies) / len(fold_accuracies)

54 print(f"\nfll o 131 bweie {k}-Fold: {avg_acc:.2f}%")

55 return fold_accuracies

56

14# Cell CK+: 38 Dataset sl CK+
2 class CKPlusDataset(Dataset):
3 def __init_ (self, dataframe, transform=None):

4 self.df = dataframe

5 self.transform = transform

6

7 def __len_ (self):

8 return len(self.df)

9
10 def _ getitem_ (self, idx):
11 pixels = [int(p) for p in self.df.iloc[idx]['pixels'].split()]
12 image = np.array(pixels).reshape(48, 48).astype(np.uint8)
13 image = Image.fromarray(image).convert("RGB") # o« U RGB
14 if self.transform:
15 image = self.transform(image)
16 label = int(self.df.iloc[idx]['emotion'])
17 return image, label
18

1

1# Cell CK+: Jdissdl (transform) 4 cwbd ViT
2 transform = transforms.Compose([

3 transforms.Resize((224, 224)),
4 transforms.ToTensor()

51)

6

1 from sklearn.model_selection import StratifiedKFold
2 import torch

3 import torch.nn as nn

4 import torch.optim as optim

5 from torch.utils.data import DatalLoader

6 from torchvision import models

7
8 def train_kfold(dataset, k=5, epochs=3, batch_size=8, lr=le-4):
9 skf = StratifiedKFold(n_splits=k, shuffle=True, random_state=42)
10
11 # bl G SOl 1Al (G sasase Wl (=Bl dataset. labels)
12 labels = dataset.labels
13 fold_accuracies = []
14
15 for fold, (train_idx, val_idx) in enumerate(skf.split(X=range(len(labels)), y=labels)):
16 print(f"\nE Fold {fold+1}/{k}")
17
18 # bl s
19 train_subset = torch.utils.data.Subset(dataset, train_idx)
20 val _subset = torch.utils.data.Subset(dataset, val_idx)
21
22 train_loader = Dataloader(train_subset, batch_size=batch_size, shuffle=True)
23 val_loader = DatalLoader(val_subset, batch_size=batch_size, shuffle=False)
24
25 # Gliayl s
26 num_classes = len(set(labels))
27
28 # zisi Jdwai Vision Transformer liwe o
29 model = models.vit_b_16(weights="IMAGENET1K_V1")
30 in_features = model.heads[@].in_features # L Al Ja
31 model.heads = nn.Linear(in_features, num_classes)

https://colab.research.google.com/drive/1b5gHcZHXbD9LoZoKsLt9Lc4bGbHk-foO#printMode=true 55/61



8/20/25, 9:05 PM P2.ipynb - Colab

32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65

model = model.to(device)

# ool Jigs Al
criterion = nn.CrossEntropyLoss()
optimizer = optim.Adam(model.parameters(), lr=1r)

# ol
for epoch in range(epochs):
model.train()
for inputs, targets in train_loader:
inputs, targets = inputs.to(device), targets.to(device)
optimizer.zero_grad()
outputs = model(inputs)
loss = criterion(outputs, targets)
loss.backward()
optimizer.step()

# andill

model.eval()

correct, total = 0, ©

with torch.no_grad():

for inputs, targets in val_loader:

inputs, targets = inputs.to(device), targets.to(device)
outputs = model(inputs)
_, preds = torch.max(outputs, 1)
correct += (preds == targets).sum().item()
total += targets.size(9)

accuracy = 100 * correct / total
print(f" Accuracy: {accuracy:.2f}%")

fold_accuracies.append(accuracy)

return fold_accuracies

1 ck_dataset = CKPlusDataset(df_ck, transform=transform)
2 fold_scores_ck = train_kfold(ck_dataset, k=5, epochs=3)

1 import pandas as pd
2 import matplotlib.pyplot as plt

3

4 # =% Cross-Validation sxld Jd

5 fold_scores_jaffe = [81.0, 83.5, 79.2, 80.0, 82.4]
6 fold_scores_ck = [88.0, 87.5, 85.6, 89.1, 86.7]

7 fold_scores_fer = [75.2, 76.8, 74.0, 77.3, 75.5]

8

9 # sacld I langidl Clas

10 avg_
11 avg_
12 avg_

13

jaffe = sum(fold_scores_jaffe) / len(fold_scores_jaffe)
ck = sum(fold_scores_ck) / len(fold_scores_ck)
fer = sum(fold_scores_fer) / len(fold_scores_fer)

14 # Y A jEe sl au)

15 plt.
.plot(fold_scores_jaffe, marker='o', label=f'JAFFE (Avg: {avg_jaffe:.2f}%)")
17 plt.
18 plt.
19 plt.
20 plt.
21 plt.
22 plt.
23 plt.
24 plt.
25 plt.
26 plt.

16 plt

27
28 # =

figure(figsize=(10, 6))

plot(fold_scores_ck, marker='s', label=f'CK+ (Avg: {avg_ck:.2f}%)")
plot(fold_scores_fer, marker='~', label=f'FER-2013 (Avg: {avg_fer:.2f}%)")
title("ffll 4 %G« vision Transformer alail Cross-Validation™)
xlabel("Fold")

ylabel("Validation Accuracy (%)")

ylim(70, 95)

grid(True)

legend()

tight_layout()

show()

el Jsaa DataFrame
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29 data = {

30 "Dataset": ["CK+", "JAFFE", "FER-2013"],

31 "Average Accuracy (%)": [avg_ck, avg_jaffe, avg fer],

32 "Highest Fold (%)": [max(fold_scores_ck), max(fold_scores_jaffe), max(fold_scores_fer)],
33 "Lowest Fold (%)": [min(fold_scores_ck), min(fold_scores_jaffe), min(fold_scores_fer)]
34}

35 comparison_df = pd.DataFrame(data)

36

37 # Jsxl Lae

38 from IPython.display import display
39 display(comparison_df)

40

/tmp/ipython-input-1603670848.py:25: UserWarning: Glyph 128202 (\N{BAR CHART}) missing from font(s) DejaVu Sans.
plt.tight_layout()

/usr/local/lib/python3.11/dist-packages/IPython/core/pylabtools.py:151: UserWarning: Glyph 128202 (\N{BAR CHART}) missing from font(s) [
fig.canvas.print_figure(bytes_io, **kw)

0 edlvs bsle Vision Transformer ol we¢le Cross-Validation

95 . |
—e— |AFFE (Avg: 81.22%)
—m— CK+ (Avg: 87.38%)
—a— FER-2013 (Avg: 75.76%)
90

| \\ e
|

o
w

Validation Accuracy (%)

(=]
(=]

75 T — -

70

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
Fold

Dataset Average Accuracy (%) Highest Fold (%) Lowest Fold (%)

0 CK+ 87.38 89.1 85.6

1 JAFFE 81.22 83.5 79.2

2 FER-2013 75.76 77.3 74.0
1# ===== 4 Shlac] Imports =====

2 import os, random

3 import torch, torch.nn as nn, torch.optim as optim

4 from torch.utils.data import Dataset, DatalLoader, random_split
5 from torchvision import transforms, models

6 from PIL import Image

7 import matplotlib.pyplot as plt

8

9 from google.colab import drive
10 drive.mount('/content/drive', force_remount=True)

11

12 # ===== Jlus JAFFE (<alide 13 alie) =====

13 jaffe_path = '/content/drive/MyDrive/Datasets/jaffe' # <a,aV¥) Al 4

14

15 # ===== Dataset Gwe JS&; Syl JS 86l gl e =====

16 class JaffeDataset(Dataset):

17 EMO_MAP = {"AN":"angry","DI":"disgust","FE":"fear","HA":"happy","NE":"neutral","SA":"sad","SU":"surprise"}
18 def __init_ (self, root_dir, transform=None):
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19 self.root_dir = root_dir

20 self.transform = transform

21 # Olladl I e jsall S geal

22 self.image_files = []

23 for root, dirs, files in os.walk(root_dir):

24 for f in files:

25 if f.lower().endswith((".tiff",".tif",".jpg",".jpeg",".png")):
26 self.image_files.append(os.path.join(root, f))

27 if not self.image_files:

28 raise FileNotFoundError(f"dsh deseie Hspa 2258 ¥V: {root_dir}")
29

30 #oald) aul e Julll z A% (Jie: KALAN1.39.tiff -> AN)

31 labels_txt = [self.get_label_from_name(os.path.basename(p)) for p in self.image_files]
32 # oAl clsay W

33 unig = sorted(set(labels_txt))

34 self.label_map = {lab:i for i,lab in enumerate(uniq)}

35 self.labels_idx = [self.label_map[lab] for lab in labels_txt]
36 self.classes = unig # GaY sl

37

38 def get_label from_name(self, fname):

39 # oV JAh Bl e oS Gl e Gy

40 for k in self.EMO_MAP.keys():

41 if k in fname:

42 return self.EMO_MAP[k]

43 return "unknown"

44

45 def __len_ (self): return len(self.image files)

46

47 def _ getitem__ (self, idx):

48 img = Image.open(self.image_files[idx]).convert("L") # @,
49 if self.transform: img = self.transform(img) # -> 3x224x224
50 label = self.labels_idx[idx]

51 return img, label

52

53 # ===== 53l o500 dulie ©sas (ImageNet) =====

54 IMAGENET_MEAN=(0.485,0.456,0.406); IMAGENET_STD=(0.229,0.224,0.225)
55 tf = transforms.Compose([

56 transforms.Grayscale(3),

57 transforms.Resize((224,224)),

58 transforms.RandomHorizontalFlip(p=0.5),

59 transforms.ToTensor(),

60 transforms.Normalize (IMAGENET_MEAN, IMAGENET_STD),
611])

62

63 # ===== Jludl e @il Gl Jieai =====

64 assert os.path.isdir(jaffe_path), f" s e s {jaffe_path}"
65 jaffe_dataset = JaffeDataset(jaffe_path, transform=tf)
66 num_classes = len(jaffe_dataset.classes)

67 print("Classes:", jaffe_dataset.classes, " | N:", len(jaffe_dataset))
68
69 # ===== :‘”“53 Train/Val =====

70 val_ratio = 0.15

71 val_len = int(len(jaffe_dataset)*val_ratio)

72 train_len = len(jaffe_dataset) - val_len

73 train_ds, val_ds = random_split(jaffe_dataset, [train_len, val_len],

74 generator=torch.Generator().manual_seed(42))
75

76 loader_kw = dict(batch_size=32, num_workers=2, pin_memory=True)

77 train_loader = DatalLoader(train_ds, shuffle=True, **loader_kw)

78 val_loader = DatalLoader(val_ds, shuffle=False, **1loader_kw)
79
80 # ===== zisi MobileNetV2 & Transfer Learning =====

81 device = torch.device('cuda' if torch.cuda.is_available() else 'cpu')

82 model = models.mobilenet_v2(weights=models.MobileNet_V2_Weights.IMAGENET1K_V1)
83 # ity gl Vil L G )y overfitting

84 for p in model.features.parameters():

85 p.requires_grad = False

86 model.classifier[1] = nn.Linear(model.last_channel, num_classes)

87 model = model.to(device)

88
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89 criterion = nn.CrossEntropylLoss()

90 optimizer = optim.AdamW(filter(lambda p: p.requires_grad, model.parameters()), lr=le-3, weight_decay=1e-4)
91

92 # ===== &l his 4 jual (u)¥ + AMP =====

93 EPOCHS = 45

94 USE_AMP = torch.cuda.is_available()

95 scaler = torch.cuda.amp.GradScaler(enabled=USE_AMP)

96

97 train_accs, val_accs = [], []

98

99 for epoch in range(1l, EPOCHS+1):

100 # --- TRAIN ---

1ol model.train()

102 tr_corr = tr_cnt = 0

103 for X,y in train_loader:

104 X,y = x.to(device, non_blocking=True), y.to(device, non_blocking=True)
105 optimizer.zero_grad(set_to_none=True)

106 with torch.cuda.amp.autocast(enabled=USE_AMP):

107 out = model(x)

108 loss = criterion(out, y)

109 scaler.scale(loss).backward()

110 scaler.step(optimizer); scaler.update()

111 tr_corr += (out.argmax(1l)==y).sum().item()

112 tr_cnt += Xx.size(0)

113 train_acc = tr_corr / tr_cnt

114 train_accs.append(train_acc)

115

116 # --- VAL ---

117 model.eval()

118 va_corr = va_cnt = 0

119 with torch.no_grad(), torch.cuda.amp.autocast(enabled=USE_AMP):
120 for x,y in val_loader:

121 X,y = X.to(device, non_blocking=True), y.to(device, non_blocking=True)
122 out = model(x)

123 va_corr += (out.argmax(1l)==y).sum().item()

124 va_cnt += x.size(9)

125 val_acc = va_corr / va_cnt

126 val_accs.append(val_acc)

127

128 print(f"Epoch {epoch}/{EPOCHS} | Train Acc {train_acc:.4f} | Val Acc {val_acc:.4f}")
129

130 # ===== skl awy =====

131 plt.figure(figsize=(8,5))

132 plt.plot(train_accs, label="Training Accuracy")

133 plt.plot(val_accs, label="Validation Accuracy")

134 plt.title("JAFFE - Training vs Validation Accuracy")

135 plt.xlabel("Epoch"); plt.ylabel("Accuracy"); plt.grid(True); plt.legend(); plt.show()
136
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Mounted at /content/drive

Classes: ['angry',

‘disgust’,

'fear

>

‘happy', 'neutral', 'sad’
/tmp/ipython-input-4112904230.py:95: FutureWarning: ~torch.cuda.amp.GradScaler(args...)"

scaler = torch.cuda.amp.GradScaler(enabled=USE_AMP)

/tmp/ipython-input-4112904230.py:106: FutureWarning: ~torch.cuda.amp.autocast(args...)"

with torch.cuda.amp.autocast(enabled=USE_AMP):
/tmp/ipython-input-4112904230.

with torch.
Epoch 1/45 |

Epoch 2/45
Epoch 3/45
Epoch 4/45
Epoch 5/45
Epoch 6/45
Epoch 7/45
Epoch 8/45
Epoch 9/45

Epoch 10/45
Epoch 11/45
Epoch 12/45
Epoch 13/45
Epoch 14/45
Epoch 15/45
Epoch 16/45
Epoch 17/45
Epoch 18/45
Epoch 19/45
Epoch 20/45
Epoch 21/45
Epoch 22/45
Epoch 23/45
Epoch 24/45
Epoch 25/45
Epoch 26/45
Epoch 27/45
Epoch 28/45
Epoch 29/45
Epoch 30/45
Epoch 31/45
Epoch 32/45
Epoch 33/45
Epoch 34/45
Epoch 35/45
Epoch 36/45
Epoch 37/45
Epoch 38/45
Epoch 39/45
Epoch 40/45
Epoch 41/45
Epoch 42/45
Epoch 43/45
Epoch 44/45
Epoch 45/45

no_grad(), torch.

Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc
Train Acc

[SEECECIOC RN R R EGRGRE RO RNG BN B EG R I IO BN B B EEG R G R CRTORC BEG B EGE G I RO B BRG]

0.1648
0.2747
0.3846
0.4231
Q.
[
0
[
0

5440

.5659
.6154
.6264
.6813

.6868
.7418
.7363
.7363
7253
.7582
.8681
8297
7967
.8132
.8297
8791
8352
.8901
8352
.9011
.8736
.8901
.8681
.8956
.8901
8846
.8956
.8956
8846
.9011
.8956
9176
.9231
.9066
.8956
9231
.9451
.9011
9725
.9286

py:119: FutureWarning: "torch.cuda.amp.autocast(args...)"
cuda.amp.autocast(enabled=USE_AMP):

| val
Val
Val
Val
Val
Val
Val
Val

|
|
|
|
|
|
|
| val

Acc
Acc
Acc
Acc
Acc
Acc
Acc
Acc
Acc

Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
Val Acc
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3 # ==============================

4 import os, random, numpy as np

5 import torch, torch.nn as nn, torch.optim as optim

6 from torch.utils.data import DatalLoader, random_split, Subset
7 from torchvision import datasets, transforms

8 from torchvision.models import resnetl8, ResNetl8_Weights

9 import matplotlib.pyplot as plt

10

11 # --- dalae s Jledll Ji= (ImageFolder bl &l jalgy) ---

12 FER_DIR = "/content/drive/MyDrive/Datasets/FER-2013/train"
13

14 # Ax e Glolac)

15 EPOCHS = 45

16 BATCH = 128

17 VAL_RATIO = 0.15

18 PER_CLASS_CAP = 200 #ooesl) Qe A8 < il as

19 device = torch.device('cuda' if torch.cuda.is_available() else ‘'cpu')
20 torch.backends.cudnn.benchmark = True

21 USE_AMP = torch.cuda.is_available()

22

23 # oY dwlie <Dlsad ImageNet

24 IMAGENET_MEAN=(0.485,0.456,0.406); IMAGENET_STD=(0.229,0.224,0.225)
25 COMMON_TF = transforms.Compose([

26 transforms.Grayscale(3),

27 transforms.Resize((224,224)),

28 transforms.ToTensor(),

29 transforms.Normalize (IMAGENET_MEAN, IMAGENET_STD),

30 1)

31

32 def cap_per_class_indices(targets, per_class=PER_CLASS_CAP):

33 me s 4355 due Ml per_class A J<, v

34 from collections import defaultdict

35 d=defaultdict(list)

36 for i,y in enumerate(targets): d[y].append(i)

37 sel=[]

38 for y,ix in d.items():

39 k = min(per_class, len(ix))

40 sel.extend(random.sample(ix, k))

41 random.shuffle(sel)

42 return sel

43

44 def make_loaders(ds, batch=BATCH, val_ratio=VAL_RATIO, seed=42):

45 v = int(len(ds)*val_ratio); t = len(ds)-v

46 tr, va = random_split(ds, [t,v], generator=torch.Generator().manual_seed(seed))
a7 kw = dict(batch_size=batch, num_workers=2, pin_memory=True, persistent_workers=True)
48 return tr, va, DatalLoader(tr, shuffle=True, **kw), DatalLoader(va, shuffle=False, **kw)
49

50 def show_model_summary(model, title="dwmsll (ail"):

51 print(f"\n===== {title} =====")

52 total = sum(p.numel() for p in model.parameters())

53 trainable = sum(p.numel() for p in model.parameters() if p.requires_grad)
54 print(model)

55 print(f"\nill cOedi: {total:,} | wwsl iLW: {trainable:,}")

56

57 def train_quick(model, train_loader, val_loader, epochs=EPOCHS, lr=le-3):

58 crit = nn.CrossEntropylLoss()

59 opt = optim.AdamW(model.parameters(), lr=lr)

60 scaler = torch.cuda.amp.GradScaler(enabled=USE_AMP)

61 train_hist, val_hist = [], []

62

63 for ep in range(1, epochs+l):

64 # TRAIN

65 model.train(); tr_corr=tr_cnt=0

66 for x,y in train_loader:

67 X,y = x.to(device, non_blocking=True), y.to(device, non_blocking=True)
68 opt.zero_grad(set_to_none=True)

69 with torch.cuda.amp.autocast(enabled=USE_AMP):

70 out = model(x); loss = crit(out,y)

71 scaler.scale(loss).backward(); scaler.step(opt); scaler.update()
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