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In [1]:

In [2]:

In [3]:

In [4]:

# Step 1: Mount Google Drive
# This step connects Google Drive to access the ASL dataset and save the trained model.

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

# St
# Th

impo
impo
impo
impo
impo

from
from

from
from
from
from
from

from
from

Mounted at /content/drive

ep 2: Import required libraries

is step imports all libraries needed for data processing, training, evaluation,

rt os
rt shutil
rt numpy as

np

rt matplotlib.pyplot as plt
rt tensorflow as tf

sklearn.model _selection import train_test_split
sklearn.metrics import confusion_matrix, classification_report, accuracy_score

tensorflow.
tensorflow.
tensorflow.
tensorflow.
tensorflow.

tensorflow.
tensorflow.

keras.
keras.
keras.
keras.
keras.

keras.
keras.

models import Model

layers import Dense, Dropout, GlobalAveragePooling2D
preprocessing.image import ImageDataGenerator

callbacks import EarlyStopping, ModelCheckpoint, ReducelLROnPlateau
optimizers import Adam

applications import ResNet50
applications.resnet50 import preprocess_input

print("TensorFlow Version:", tf._version_ )

TensorFlow Version: 2.20.0

# Step 3: Define dataset path
# This step finds the correct ASL dataset folder inside Google Drive.

poss

ible_paths

[

"/content/drive/MyDrive/ASL_Project/ASL_Dataset/asl_dataset",

ORIGINAL_DATASET_DIR = None

for path in possible_paths:
if os.path.isdir(path):
ORIGINAL_DATASET_DIR = path

break

if ORIGINAL_DATASET_DIR is None:

print("Dataset folder not found.")

print("Folders inside MyDrive:")
print(os.listdir("/content/drive/MyDrive"))

raise FileNotFoundError("Dataset path is not correct.")

print("Dataset Path:", ORIGINAL_DATASET_DIR)
print("Folders:", os.listdir(ORIGINAL_DATASET_DIR))

Dataset Path: /content/drive/MyDrive/ASL_Project/ASL_Dataset/asl_dataset

Folders:

['x",

'ZI, |y|’ 't', uvu, |q|, |m|’ 'S', .p.J 'W', '0', .lu, |n|, u',

# Step 4: Define valid classes
# This step defines the 36 target classes: digits from @ to 9 and letters from a to z.

VALI

NUM_

D_CLASSES =

er,1, 02,
'a','b',"'c’,
'k','1,'mt,
Iul)'vl)lw')l

[

3','4','5','6",'7','8",'9",

CLASSES = len(VALID_CLASSES)

print("Number of Classes:", NUM_CLASSES)
print("Classes:", VALID_CLASSES)

Number of Classes: 36

Classes:

['e,

lll, |2|, |3|) |4|, I5I, I6'_‘ |7|’ .8I, |9|’ Ial) 'bl, ICIJ Idl, [

r

)

K,

and application.
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In [5]:

In [6]:

# Step 5: Clean the dataset

# This step creates a clean dataset that contains only the required classes and image files.

CLEAN_DATASET_DIR = "/content/drive/MyDrive/ASL_Clean_Dataset_ResNet"

if os.path.exists(CLEAN_DATASET_DIR):
shutil.rmtree(CLEAN_DATASET_DIR)

os.makedirs(CLEAN_DATASET_DIR, exist_ok=True)

def find_class_folder(dataset_dir, class_name):
possible_names = [class_name, class_name.upper(), class_name.lower()]

for name in possible_names:
path = os.path.join(dataset_dir, name)
if os.path.isdir(path):
return path

return None
total _clean_images = ©
for class_name in VALID_CLASSES:
source_class_dir = find_class_folder(ORIGINAL_DATASET_DIR, class_name)
target_class_dir = os.path.join(CLEAN_DATASET_DIR, class_name)
os.makedirs(target_class_dir, exist_ok=True)
if source_class_dir is None:
print("Missing class folder:", class_name)
continue

count = @

for root, dirs, files in os.walk(source_class_dir):
for file in files:

if file.lower().endswith((".jpg", ".jpeg", ".png", ".bmp", ".webp")):

src_file = os.path.join(root, file)

dst_file = os.path.join(target_class_dir, file)
shutil.copy2(src_file, dst_file)

count += 1

total_clean_images += count
print(f"{class_name}: {count} images copied")

print("\nClean Dataset Created Successfully")
print("Total Clean Images:", total clean_images)
print("Clean Dataset Path:", CLEAN_DATASET_DIR)

: 70 images copied
: 70 images copied
70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 71 images copied
: 70 images copied
: 70 images copied
: 70 images copied
70 images copied
70 images copied
70 images copied
70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 65 images copied
: 70 images copied
70 images copied
70 images copied
70 images copied
70 images copied
: 70 images copied

N X =< €c f+n 30T O S5 B HAWUHKH TV - MD®maAnNn oo OWONOOUIESE WNRO

Clean Dataset Created Successfully
Total Clean Images: 2516
Clean Dataset Path: /content/drive/MyDrive/ASL_Clean_Dataset_ResNet

# Step 6: Create split folders

# This step creates train, validation, and test folders for the dataset split.

SPLIT_DATASET_DIR = "/content/drive/MyDrive/ASL_Split_Dataset_ResNet"
train_dir = os.path.join(SPLIT_DATASET_DIR, "train")

validation_dir = os.path.join(SPLIT_DATASET_DIR, "validation")
test_dir = os.path.join(SPLIT_DATASET_DIR, "test")

if os.path.exists(SPLIT_DATASET_DIR):
shutil.rmtree(SPLIT_DATASET_DIR)

os.makedirs(train_dir, exist_ok=True)
os.makedirs(validation_dir, exist_ok=True)

os.makedirs(test_dir, exist_ok=True)

print("Split folders created successfully.")

Split folders created successfully.
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In [7]:

In [9]:

In [10]:

In [11]:

# Step 7: Split the dataset

# This step splits the clean dataset into 70% training, 10% validation, and 20% testing.

train_ratio = 0.70
validation_ratio = 0.10
test_ratio = 0.20

def split_and_copy files(class_name):
class_dir = os.path.join(CLEAN_DATASET DIR, class_name)

all images = [
os.path.join(class_dir, file)
for file in os.listdir(class_dir)
if file.lower().endswith((".jpg", ".jpeg", ".png", ".bmp", ".webp"))

if len(all_images) < 3:
print(f"Not enough images in class: {class_name}")
return 0, 0, O

train_images, temp_images = train_test_split(
all_images,
test_size=0.30,
random_state=42,
shuffle=True

validation_images, test_images = train_test_split(
temp_images,
test_size=2/3,
random_state=42,
shuffle=True

split_data = {
"train": train_images,
"validation": validation_images,
"test": test_images

for split_name, images in split_data.items():
target_dir = os.path.join(SPLIT_DATASET_DIR, split_name, class_name)
os.makedirs(target_dir, exist_ok=True)

for image_path in images:
shutil.copy2(image_path, target_dir)

return len(train_images), len(validation_images), len(test_images)
total_train = ©
total_validation = ©

total_test = ©

for class_name in VALID_CLASSES:

train_count, validation_count, test_count = split_and_copy_files(class_name)

total train += train_count
total_validation += validation_count
total_test += test_count

print(f"{class_name}: Train={train_count}, Validation={validation_count}, Test={test_count}")

print("\nFinal Split:")

print("Training Images:", total_train)
print("Validation Images:", total_validation)
print("Testing Images:", total_test)

: Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=15
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=45, Validation=6, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
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Final Split:

Training Images: 1760
Validation Images: 251
Testing Images: 505

# Step 8: Define training parameters
# This step defines image size, batch size, epochs, and learning rate.

IMG_SIZE = 224
BATCH_SIZE = 16

EPOCHS = 30
LEARNING_RATE = 0.0001

print("Image Size:", IMG_SIZE)
print("Batch Size:", BATCH_SIZE)
print("Epochs:", EPOCHS)
print("Learning Rate:", LEARNING_RATE)

Image Size: 224

Batch Size: 16
Epochs: 30

Learning Rate: 0.0001

# Step 9: Prepare data augmentation

# This step applies augmentation only to the training data to improve model generalization.

train_datagen = ImageDataGenerator(
preprocessing_function=preprocess_input,
rotation_range=20,
width_shift_range=0.15,
height_shift_range=0.15,
zoom_range=0.15,
shear_range=0.10,
brightness_range=[0.7, 1.3],
horizontal flip=False,
fill_mode="nearest"

val_test_datagen = ImageDataGenerator(
preprocessing function=preprocess_input

# Step 10: Create training generator
# This step loads the training images from the train folder.

train_generator = train_datagen.flow_from_directory(
train_dir,
classes=VALID_ CLASSES,
target_size=(IMG_SIZE, IMG_SIZE),
batch_size=BATCH_SIZE,
class_mode="categorical”,
shuffle=True,
seed=42

print("Training Images:", train_generator.n)
print("Training Classes:", train_generator.num_classes)

Found 1760 images belonging to 36 classes.
Training Images: 1760
Training Classes: 36
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In [12]: # Step 11: Create validation generator
# This step loads the validation images from the validation folder.

validation_generator = val_test_datagen.flow_from_directory(
validation_dir,
classes=VALID_CLASSES,
target_size=(IMG_SIZE, IMG_SIZE),
batch_size=BATCH_SIZE,
class_mode="categorical”,
shuffle=False

print("Vvalidation Images:", validation_generator.n)
print("Validation Classes:", validation_generator.num_classes)

Found 251 images belonging to 36 classes.
Validation Images: 251
Validation Classes: 36

In [13]: # Step 12: Create test generator
# This step loads the test images from the test folder without shuffling.

test_generator = val_test_datagen.flow_from_directory(
test_dir,
classes=VALID_CLASSES,
target_size=(IMG_SIZE, IMG_SIZE),
batch_size=BATCH_SIZE,
class_mode="categorical”,
shuffle=False

CLASS_NAMES
NUM_CLASSES

list(train_generator.class_indices.keys())
len(CLASS_NAMES)

print("Class Names:", CLASS_NAMES)
print("Number of Classes:", NUM_CLASSES)

print("Test Images:", test_generator.n)
print("Test Classes:", test_generator.num_classes)

Found 505 images belonging to 36 classes.

Class Names: ['@"', '1', '2', '3', '4', '5', '6', '7', '8', '9', 'a', 'b"', 'c', 'd', ‘e', 'f', 'g', 'h*, 'i‘, 'j3', 'k', '1', ‘m', 'n', ‘o', 'p', 'q', 'r', ‘'s', 't', 'u', ‘'v', 'w', 'x', 'y', 'z']
Number of Classes: 36

Test Images: 505

Test Classes: 36

In [14]: # Step 13: Build ResNet50 model
# This step uses ResNet50 as a pre-trained feature extractor.

base_model = ResNet50(
weights="imagenet",
include_top=False,
input_shape=(IMG_SIZE, IMG_SIZE, 3)

base_model.trainable = False

print("ResNet50 base model loaded successfully.")

Downloading data from https://storage.googleapis.com/tensorflow/keras-applications/resnet/resnet50 weights_tf_dim_ordering_tf kernels_notop.h5
B[ 1m94765736/94765736E[0m B[ 32m FI[OmB[37mRI[Om BE[1mlsR[Om Qus/step
ResNet50 base model loaded successfully.
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In [15]:

# Step 14: Add classification layers
# This step adds custom layers to classify ASL images into 36 classes.

X X X X
nm o n

output =

base_|
GlobalAveragePooling2D() (x)

Dense(256, activation="relu")(x)
Dropout(0.5)(x)

model.output

Dense(NUM_CLASSES, activation="softmax")(x)

model = Model(
inputs=base_model.input,
outputs=output,
name="ResNet50_ASL_Model"

model.summary()

Model: "ResNet50_ASL_Model"
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Layer (type) Output Shape Param # | Connected to

input_layer ( , 224, 224, 0| -

(InputLayer) 3)

convl_pad ( , 230, 230, 0 | input_layer[0][9@]

(ZeroPadding2D) 3)

convl_conv (Conv2D) ( , 112, 112, 9,472 | convl_pad[0][9]
64)

convl_bn ( , 112, 112, 256 | convl_conv[0][0]

(BatchNormalizatio.. | 64)

convl_relu ( , 112, 112, 0 | convl_bn[@][0]

(Activation) 64)

pooll pad ( , 114, 114, 9 | convl_relu[@][9]

(ZeroPadding2D) 64)

pooll pool ( , 56, 56, 0 | pooll_pad[@][@]

(MaxPooling2D) 64)

conv2_blockl 1 conv ( , 56, 56, 4,160 | pooll pool[0][9]

(Conv2D) 64)

conv2_blockl 1 bn ( , 56, 56, 256 | conv2_blockl 1 c..

(BatchNormalizatio.. | 64)

conv2_blockl_1_relu ( , 56, 56, 0 | conv2_blockl_ 1 b..

(Activation) 64)

conv2_blockl_2_conv ( , 56, 56, 36,928 | conv2_blockl 1 r..

(Conv2D) 64)

conv2_blockl 2 bn ( , 56, 56, 256 | conv2_blockl 2 c..

(BatchNormalizatio.. | 64)

conv2_blockl 2 relu ( , 56, 56, 9] conv2_blockl 2 b..

(Activation) 64)

conv2_blockl_@ conv ( , 56, 56, 16,640 | pooll _pool[0][9]

(Conv2D) 256)

conv2_blockl_3 conv ( , 56, 56, 16,640 | conv2_blockl_2_r..

(Conv2D) 256)

conv2_blockl @ bn ( , 56, 56, 1,024 | conv2_blockl o c..

(BatchNormalizatio.. | 256)

conv2_blockl 3 bn ( , 56, 56, 1,024 | conv2_blockl 3 c..

(BatchNormalizatio.. | 256)

conv2_blockl add ( , 56, 56, © | conv2_blockl 0 b..

(Add) 256) conv2_blockl_3_b..

conv2_blockl_out ( , 56, 56, © | conv2_blockl_add..

(Activation) 256)

conv2_block2_1_conv ( , 56, 56, 16,448 | conv2_blockl_out..

(Conv2D) 64)

conv2_block2_1 bn ( , 56, 56, 256 conv2_block2_ 1 c..

(BatchNormalizatio.. | 64)

conv2_block2_1 relu | ( , 56, 56, 9 | conv2_block2 1 b..

(Activation) 64)

conv2_block2_2_ conv ( , 56, 56, 36,928 | conv2_block2_1 r..

(Conv2D) 64)

conv2_block2_2_bn ( , 56, 56, 256 | conv2_block2_ 2 c..

(BatchNormalizatio.. | 64)

conv2_block2_2 relu | ( , 56, 56, 0 | conv2_block2 2 b..

(Activation) 64)

conv2_block2_3 conv ( , 56, 56, 16,640 | conv2_block2_2_r..

(Conv2D) 256)

conv2_block2_3_bn ( , 56, 56, 1,024 | conv2_block2_3 c..

(BatchNormalizatio.. | 256)

conv2_block2_add ( , 56, 56, 0 | conv2_blockl out..

(Add) 256) conv2_block2_3 b..

conv2_block2_out ( , 56, 56, 9] conv2_block2_add..

(Activation) 256)

conv2_block3 1 conv | ( , 56, 56, 16,448 | conv2_block2 out..

(Conv2D) 64)

conv2_block3_1_bn ( , 56, 56, 256 | conv2_block3_ 1 c..

(BatchNormalizatio.. | 64)

conv2_block3_1 relu ( , 56, 56, 0 | conv2_block3_1 b..

(Activation) 64)

conv2_block3_2_conv ( , 56, 56, 36,928 | conv2_block3_1 r..

(Conv2D) 64)

conv2_block3_2_bn ( , 56, 56, 256 | conv2_block3_2_c..

(BatchNormalizatio.. | 64)

conv2_block3_2_relu ( , 56, 56, 0 | conv2_block3_2 b..

(Activation) 64)

conv2_block3_3 conv ( , 56, 56, 16,640 | conv2_block3_2_r..

(Conv2D) 256)

conv2_block3_3 bn ( , 56, 56, 1,024 conv2_block3_ 3 c..

(BatchNormalizatio.. | 256)

conv2_block3_add ( , 56, 56, 0 | conv2_block2 out..

(Add) 256) conv2_block3_3 b..

conv2_block3_out ( , 56, 56, 0 | conv2_block3_add..

(Activation) 256)

conv3_blockl 1 conv ( , 28, 28, 32,896 | conv2_block3 out..

(Conv2D) 128)

conv3_blockl 1 bn ( , 28, 28, 512 | conv3_blockl 1 c..

(BatchNormalizatio.. | 128)

conv3_blockl_1_relu ( , 28, 28, 0 | conv3_blockl 1 b..

(Activation) 128)

conv3_blockl_2_ conv ( , 28, 28, 147,584 | conv3_blockl_1_r..

(Conv2D) 128)

conv3_blockl 2 bn ( , 28, 28, 512 | conv3_blockl 2 c..

(BatchNormalizatio.. | 128)

conv3_blockl 2 relu ( , 28, 28, 9] conv3_blockl 2 b..

(Activation) 128)

conv3_blockl @ conv | ( , 28, 28, 131,584 | conv2_block3_out..

(Conv2D) 512)

conv3_blockl_3 conv ( , 28, 28, 66,048 | conv3_blockl_2_r..

(Conv2D) 512)

conv3_blockl @ bn ( , 28, 28, 2,048 | conv3_blockl 0 c..

(BatchNormalizatio.. | 512)

conv3_blockl 3 bn ( , 28, 28, 2,048 | conv3_blockl 3 c..

(BatchNormalizatio.. | 512)

conv3_blockl add ( , 28, 28, © | conv3_blockl 0 b..

(Add) 512) conv3_blockl_3_b..

conv3_blockl _out ( , 28, 28, © | conv3_blockl_add..

(Activation) 512)

conv3_block2_1_conv ( , 28, 28, 65,664 | conv3_blockl_out..

(Conv2D) 128)

conv3_block2_1_bn ( , 28, 28, 512 | conv3_block2_1_c..

(BatchNormalizatio.. | 128)

conv3_block2_1 relu | ( , 28, 28, 9 | conv3_block2 1 b..

(Activation) 128)

conv3_block2_2_ conv ( , 28, 28, 147,584 | conv3_block2_1 r..

(Conv2D) 128)

conv3_block2_2_bn ( , 28, 28, 512 | conv3_block2_2 c..

(BatchNormalizatio.. | 128)

conv3_block2_2 relu | ( , 28, 28, 90 | conv3_block2 2 b..

(Activation) 128)

conv3_block2_3 conv ( , 28, 28, 66,048 | conv3_block2_2_r..

(Conv2D) 512)

conv3_block2_3 bn ( , 28, 28, 2,048 | conv3_block2_3 c..

(BatchNormalizatio.. | 512)

conv3_block2_add ( , 28, 28, 0 | conv3_blockl out..
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(Add) 512) conv3_block2_3 b..
conv3_block2_out ( 28, 28, 0 | conv3_block2_add..
(Activation) 512)
conv3_block3_1 conv ( 28, 28, 65,664 | conv3_block2_out..
(Conv2D) 128)
conv3_block3 1 bn ( 28, 28, 512 | conv3_block3 1 c..
(BatchNormalizatio.. | 128)
conv3_block3_1 relu ( 28, 28, 0 | conv3_block3_1 b..
(Activation) 128)
conv3_block3_2_ conv ( 28, 28, 147,584 | conv3_block3_1 r..
(Conv2D) 128)
conv3_block3_2 bn ( 28, 28, 512 conv3_block3 2 c..
(BatchNormalizatio.. | 128)
conv3_block3 2 relu | ( 28, 28, 9 | conv3_block3 2 b..
(Activation) 128)
conv3_block3_3 conv ( 28, 28, 66,048 | conv3_block3_2_r..
(Conv2D) 512)
conv3_block3_3 bn ( 28, 28, 2,048 | conv3_block3_ 3 c..
(BatchNormalizatio.. | 512)
conv3_block3_add ( 28, 28, 0 | conv3_block2 out..
(Add) 512) conv3_block3_3 b..
conv3_block3_out ( 28, 28, 0 | conv3_block3_add..
(Activation) 512)
conv3_block4_1 conv ( 28, 28, 65,664 | conv3_block3_out..
(Conv2D) 128)
conv3_block4_1 bn ( 28, 28, 512 | conv3_block4_1 c..
(BatchNormalizatio.. | 128)
conv3_block4 1 _relu ( 28, 28, 0 | conv3_block4 1 b..
(Activation) 128)
conv3_block4_2_conv ( 28, 28, 147,584 | conv3_block4_1_r..
(Conv2D) 128)
conv3_block4_2 bn ( 28, 28, 512 | conv3_block4_2 c..
(BatchNormalizatio.. | 128)
conv3_block4 2 relu ( 28, 28, © | conv3_block4_2 b..
(Activation) 128)
conv3_block4_3 conv ( 28, 28, 66,048 | conv3_block4_2_r..
(Conv2D) 512)
conv3_block4 3 bn ( 28, 28, 2,048 | conv3_block4 3 c..
(BatchNormalizatio.. | 512)
conv3_block4_add ( 28, 28, © | conv3_block3_out..
(Add) 512) conv3_block4 3 b..
conv3_block4_out ( 28, 28, 0 | conv3_block4 add..
(Activation) 512)
conv4_blockl_1_conv ( 14, 14, 131,328 | conv3_block4 out..
(Conv2D) 256)
conv4_blockl_1_bn ( 14, 14, 1,024 | conv4_blockl 1 c..
(BatchNormalizatio.. | 256)
conv4d_blockl_1_relu ( 14, 14, 0 | conv4_blockl_ 1 b..
(Activation) 256)
conv4_blockl 2 conv ( 14, 14, 590,080 | conv4_blockl 1 r..
(Conv2D) 256)
conv4_blockl 2 bn ( 14, 14, 1,024 | conv4_blockl 2 c..
(BatchNormalizatio.. | 256)
conv4_blockl 2 relu ( 14, 14, 0 | conv4_blockl 2 b..
(Activation) 256)
conv4_blockl_©@ conv ( 14, 14, 525,312 | conv3_block4 out..
(Conv2D) 1024)
conv4_blockl_3 conv ( 14, 14, 263,168 | conv4_blockl_2_r..
(Conv2D) 1024)
conv4_blockl_© bn ( 14, 14, 4,096 | conv4_blockl 0_c..
(BatchNormalizatio.. | 1024)
conv4_blockl 3 bn ( 14, 14, 4,096 | conv4_blockl 3 c..
(BatchNormalizatio.. | 1024)
conv4_blockl_add ( 14, 14, 0 | conv4_blockl 0 b..
(Add) 1024) conv4_blockl_3 b..
conv4_blockl _out ( 14, 14, 0 | conv4_blockl_add..
(Activation) 1024)
conv4_block2_1 conv ( 14, 14, 262,400 | conv4_blockl_out..
(Conv2D) 256)
conv4_block2_1_bn ( 14, 14, 1,024 | conv4_block2_1_c..
(BatchNormalizatio.. | 256)
conv4d_block2_1_relu ( 14, 14, 0 | conv4_block2_1 b..
(Activation) 256)
conv4_block2_2_ conv ( 14, 14, 590,080 | conv4_block2_1 r..
(Conv2D) 256)
conv4_block2_2_bn ( 14, 14, 1,024 | conv4_block2_2_c..
(BatchNormalizatio.. | 256)
conv4_block2 2 relu | ( 14, 14, 9 | conv4_block2 2 b..
(Activation) 256)
conv4_block2_3 conv ( 14, 14, 263,168 | conv4_block2_2_ r..
(Conv2D) 1024)
conv4_block2_3_bn ( 14, 14, 4,096 | conv4_block2 3 c..
(BatchNormalizatio.. | 1024)
conv4_block2_add ( 14, 14, 0 | conv4_blockl out..
(Add) 1024) conv4_block2_3 b..
conv4_block2 out ( 14, 14, 0 | conv4_block2_add..
(Activation) 1024)
conv4_block3_1 conv ( 14, 14, 262,400 | conv4_block2_out..
(Conv2D) 256)
conv4_block3_1 bn ( 14, 14, 1,024 | conv4_block3 1 _c..
(BatchNormalizatio.. | 256)
conv4_block3_1_relu ( 14, 14, 0 | conv4_block3_1_b..
(Activation) 256)
conv4_block3_2_conv ( 14, 14, 590,080 | conv4_block3_1_r..
(Conv2D) 256)
conv4_block3_2_bn ( 14, 14, 1,024 | conv4_block3_2_c..
(BatchNormalizatio.. | 256)
conv4d_block3_2 relu ( 14, 14, 0 | conv4_block3_2 b..
(Activation) 256)
conv4_block3_3 conv ( 14, 14, 263,168 | conv4_block3_2_r..
(Conv2D) 1024)
conv4_block3 3 bn ( 14, 14, 4,096 | conv4_block3 3 c..
(BatchNormalizatio.. | 1024)
conv4_block3_add ( 14, 14, 0 | conv4_block2_out..
(Add) 1024) conv4_block3_3 b..
conv4_block3_out ( 14, 14, 0 | conv4_block3_add..
(Activation) 1024)
conv4_block4_1_conv ( 14, 14, 262,400 | conv4_block3_out..
(Conv2D) 256)
conv4_block4_1_bn ( 14, 14, 1,024 | conv4_block4_1 c..
(BatchNormalizatio.. | 256)
conv4d_block4_1_relu ( 14, 14, 0 | conv4_block4 1 b..
(Activation) 256)
conv4_block4_2_ conv ( 14, 14, 590,080 | conv4_block4 1 r..
(Conv2D) 256)
conv4_block4_2 bn ( 14, 14, 1,024 | conv4_block4 2 c..
(BatchNormalizatio.. | 256)
conv4d_block4 _2_relu ( 14, 14, 0 | conv4_block4 2 b..
(Activation) 256)
conv4_block4_3_conv ( 14, 14, 263,168 | conv4_block4_2_r..
(Conv2D) 1024)
conv4_block4_3 bn ( 14, 14, 4,096 | conv4_block4 3 c..
(BatchNormalizatio.. | 1024)
conv4_block4 _add ( 14, 14, 0 | conv4_block3_out..
(Add) 1024) conv4_block4 3 b..
conv4_block4_out ( 14, 14, 0 | conv4_block4 add..
(Activation) 1024)
conv4d_block5_1_conv | ( 14, 14, 262,400 | conv4_block4_out..
(Conv2D) 256)
conv4_block5_1_bn ( 14, 14, 1,024 | conv4_block5_1 c..
(BatchNormalizatio.. | 256)
conv4_block5_1 relu | ( 14, 14, 90 | conv4_block5 1 b..
(Activation) 256)
conv4_block5_2_conv ( 14, 14, 590,080 | conv4_block5_1 r..
(Conv2D) 256)
conv4_block5_2_bn ( 14, 14, 1,024 | conv4_block5_2_ c..
(BatchNormalizatio.. | 256)
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conv4_block5 2 relu ( , 14, 14, 0 | conv4_block5 2 b..
(Activation) 256)

conv4_block5_3_conv ( , 14, 14, 263,168 | conv4_block5_2_r..
(Conv2D) 1024)

conv4_block5_3 bn ( , 14, 14, 4,096 | conv4_block5_3 c..
(BatchNormalizatio.. | 1024)

conv4_block5_add ( , 14, 14, 0 | conv4_block4 out..
(Add) 1024) conv4_block5_3 b..
conv4_block5_out ( , 14, 14, 9 | conv4_block5_add..
(Activation) 1024)

conv4d_block6_1_conv | ( , 14, 14, 262,400 | conv4_block5_out..
(Conv2D) 256)

conv4_block6_1_bn ( , 14, 14, 1,024 | conv4_block6_1 c..
(BatchNormalizatio.. | 256)

conv4_block6_1 relu | ( , 14, 14, 90 | conv4d_block6_1 b..
(Activation) 256)

conv4_block6_2_conv ( , 14, 14, 590,080 | conv4_block6_1_r..
(Conv2D) 256)

conv4_block6_2_bn ( , 14, 14, 1,024 | conv4_block6_2_c..
(BatchNormalizatio.. | 256)

conv4_block6_2 relu | ( , 14, 14, 0 | conv4_block6_2 b..
(Activation) 256)

conv4_block6_3_conv ( , 14, 14, 263,168 | conv4_block6_2_r..
(Conv2D) 1024)

conv4_block6_3 bn ( , 14, 14, 4,096 | conv4_block6 3 c..
(BatchNormalizatio.. | 1024)

conv4d_block6_add ( , 14, 14, 0 | conv4_block5_out..
(Add) 1024) conv4_block6_3_b..
conv4_block6_out ( , 14, 14, 0 | conv4_block6_add..
(Activation) 1024)

conv5_blockl 1 conv | ( s 7, 7, 512) 524,800 | conv4_block6_out..
(Conv2D)

conv5_blockl 1 bn ( s, 7, 7, 512) 2,048 | conv5_blockl 1 c..
(BatchNormalizatio..

conv5_blockl 1 relu ( s, 7, 7, 512) © | conv5_blockl 1 b..
(Activation)

conv5_blockl 2 conv | ( s 7, 7, 512) 2,359,808 | conv5_blockl_ 1 r..
(Conv2D)

conv5_blockl_2_bn ( s 7, 7, 512) 2,048 | conv5_blockl_2_c..
(BatchNormalizatio..

conv5_blockl 2 relu | ( s 7, 7, 512) 9 | conv5_blockl 2 b..
(Activation)

conv5_blockl @ conv | ( s 75 7, 2,099,200 | conv4_block6_out..
(Conv2D) 2048)

conv5_blockl 3 conv ( s 75 7, 1,050,624 | conv5_blockl 2 r..
(Conv2D) 2048)

conv5_blockl @ bn ( s 75 7, 8,192 | conv5_blockl 0 c..
(BatchNormalizatio.. | 2048)

conv5_blockl 3 bn ( s 75 7, 8,192 | conv5_blockl 3 c..
(BatchNormalizatio.. | 2048)

conv5_blockl_add ( y 75 7, © | conv5_blockl @ b..
(Add) 2048) conv5_blockl 3 b..
conv5_blockl_out ( s 75 7, 0 | conv5_blockl_add..
(Activation) 2048)

conv5_block2_1 conv ( s, 7, 7, 512) 1,049,088 | conv5_blockl out..
(Conv2D)

conv5_block2_ 1 bn ( s 7, 7, 512) 2,048 | conv5_block2 1 c..
(BatchNormalizatio..

conv5_block2_1 relu | ( s 7, 7, 512) 0 | conv5_block2 1 b..
(Activation)

conv5_block2 2 conv ( s, 7, 7, 512) 2,359,808 | conv5_block2 1 r..
(Conv2D)

conv5_block2_2 bn ( s 7, 7, 512) 2,048 | conv5_block2 2 c..
(BatchNormalizatio..

conv5_block2_2_relu ( s 7, 7, 512) 0 | conv5_block2_2 b..
(Activation)

conv5_block2_3 conv ( y 75 7, 1,050,624 | conv5_block2_2 r..
(Conv2D) 2048)

conv5_block2_3 bn ( s 75 7, 8,192 | conv5_block2_3 c..
(BatchNormalizatio.. | 2048)

conv5_block2_add ( y 7, 7, 9] conv5_blockl out..
(Add) 2048) conv5_block2 3 b..
conv5_block2_ out ( s 75 7, 9 | conv5_block2 add.
(Activation) 2048)

conv5_block3_1 conv | ( s 7, 7, 512) 1,049,088 | conv5_block2_out..
(Conv2D)

conv5_block3_1 bn ( s, 7, 7, 512) 2,048 | conv5_block3 1 c..
(BatchNormalizatio..

conv5_block3_1 relu | ( s 7, 7, 512) 0 | conv5_block3 1 b..
(Activation)

conv5_block3_2_conv ( s 7, 7, 512) 2,359,808 | conv5_block3_1 r..
(Conv2D)

conv5_block3_2 bn ( s, 7, 7, 512) 2,048 | conv5_block3_2 c..
(BatchNormalizatio..

conv5_block3_2 relu | ( s 7, 7, 512) 0 | conv5_block3 2 b..
(Activation)

conv5_block3 3 conv ( y 7, 7, 1,050,624 conv5_block3 2 r..
(Conv2D) 2048)

conv5_block3 3 bn ( s 75 7, 8,192 | conv5_block3 3 c..
(BatchNormalizatio.. | 2048)

conv5_block3_add ( s 75 7, 0 | conv5_block2 out..
(Add) 2048) conv5_block3_3 b..
conv5_block3_out ( s 75 7, © | conv5_block3_add..
(Activation) 2048)

global_average_poo.. | ( , 2048) 0 | conv5_block3 out..
(GlobalAveragePool..

dense (Dense) ( 5 256) 524,544 | global_average_p..
dropout (Dropout) ( , 256) 0 | dense[0][0]
dense_1 (Dense) ( , 36) 9,252 | dropout[0][@]

Total params: 24,121,508 (92.02 MB)

Trainable params: 533,796 (2.04 MB)

Non-trainable params: 23,587,712 (89.98 MB)

# Step 15: Compile the model

# This step prepares the model for training using Adam optimizer and categorical crossentropy.

model.compile(
optimizer=Adam(learning_rate=LEARNING_RATE),
loss="categorical_crossentropy",
metrics=["accuracy"]

# Step 16: Prepare callbacks

# This step saves the best model and stops training when validation loss stops improving.

callbacks = [
EarlyStopping(

)s

monitor="val_loss",
patience=7,

restore_best_weights=True,

verbose=1

ReduceLROnPlateau(

)s

monitor="val_loss",
factor=0.3,
patience=4,
min_lr=1e-6,
verbose=1

ModelCheckpoint(
"best_resnet50_asl _model.keras",

monitor="val_accuracy",

save_best_only=True,
verbose=1

Jupyter Notebook — generated with runcell

713



6/29/26, 2:23 AM

about:blank

In [18]:

# Step 17: Train the model
# This step trains ResNet50 using training data and validates it using validation data.

history = model.fit(

train_generator,

validation_data=validation_generator,

epochs=EPOCHS,
callbacks=callbacks

Epoch 1/30
B[1m110/110@[Om E[32m

PI[OmBI[ 37mE[Om BI[1m@sE[Om 3s/step - accuracy: 0.0536 - loss: 3.

Epoch 1: val_accuracy improved from None to 0.25498, saving model to best_resnet50_asl model.keras

Epoch 1: finished saving model to best_resnet50_asl_model.keras

B[1m110/110E[0m B[32m
Epoch 2/30
B[1ml10/110R@[0m E[32m

BI[OmBI[ 37mRI[Om B[ 1m406sE[Om 4s/step - accuracy: 0.0739 - loss:

B[OmR[37mE[Om B[1mOsE[Om 3s/step - accuracy: 0.1712 - loss: 3.

Epoch 2: val_accuracy improved from 0.25498 to 0.38247, saving model to best_resnet50_asl model.keras

Epoch 2: finished saving model to best_resnet50_asl_model.keras

B[1m110/110B[0m B[32m
Epoch 3/30
B[1mll10/110@[0m E[32m

BI[OmB[37mR[Om B[1m433sE[Om 4s/step - accuracy: 0.1937 - loss:

EI[OmR[37mR[Om B[1m@sRE[Om 3s/step - accuracy: 0.2527 - loss: 2.

Epoch 3: val_accuracy improved from ©.38247 to 0.50598, saving model to best_resnet50_asl model.keras

Epoch 3: finished saving model to best_resnet50_asl model.keras

B[1m110/110B[0m B[32m
Epoch 4/30
B[1m110/110E[0m E[32m

FI[OmE[37mR[Om B[1m395s@[Om 4s/step - accuracy: 0.2591 - loss:

PI[OmBI[ 37mRI[Om BI[1mOsE[Om 3s/step - accuracy: 0.3131 - loss: 2

Epoch 4: val_accuracy improved from 0.50598 to 0.54980, saving model to best_resnet50_asl model.keras

Epoch 4: finished saving model to best_resnet50_asl_model.keras

E[1m110/110B[0m B[32m
Epoch 5/30
B[1m110/110E[em E[32m

PI[OmBI[ 37mRI[Om BI[1m393sE[Om 4s/step - accuracy: 0.3222 - loss:

E[OmR[37mR[Om B[1mOsB[Om 3s/step - accuracy: ©0.3532 - loss: 2.

Epoch 5: val_accuracy improved from 0.54980 to 0.63347, saving model to best_resnet50_asl model.keras

Epoch 5: finished saving model to best_resnet50_asl_model.keras

E[1mll0/110@[0m E[32m
Epoch 6/30

B[1mlle/110@[0m E[32m
Epoch 6: val_accuracy did not improve from 0.63347
B[1m110/110E[0m E[32m
Epoch 7/30

B[1mlle/110@[0m E[32m

B[OmBA[37mR[Om B[1m392sE[Om 4s/step - accuracy: 0.3682 - loss:

EI[OmR[37mR[Om B[1m@sRE[Om 3s/step - accuracy: 0.4352 - loss: 1.

BI[OmB[37mR[Om B[1m405sE[Om 4s/step - accuracy: 0.4352 - loss:

EI[OmR[37mR[Om B[1m@sRE[Om 3s/step - accuracy: 0.4477 - loss: 1.

Epoch 7: val_accuracy improved from 0.63347 to 0.68526, saving model to best_resnet50_asl_model.keras

Epoch 7: finished saving model to best_resnet50_asl model.keras

B[1m110/110B[0m B[32m
Epoch 8/30
B[1m110/110E[0m E[32m

EI[OmE[37mR[Om B[1m408sB[Om 4s/step - accuracy: 0.4585 - loss:

PI[OmBI[ 37mE[Om BI[1m@sE[®m 3s/step - accuracy: 0.4665 - loss: 1.

Epoch 8: val_accuracy improved from 0.68526 to 0.70518, saving model to best_resnet50_asl _model.keras

Epoch 8: finished saving model to best_resnet50_asl_model.keras

E[1m110/110B[0m B[32m
Epoch 9/30
B[1m110/110E[0m B[32m

PI[OmEI[ 37mEI[Om BI[1m430sE[Om 4s/step - accuracy: 0.4824 - loss:

p[OmR[37mE[Om B[1mOsE[Om 3s/step - accuracy: 0.5087 - loss: 1.

Epoch 9: val_accuracy improved from 0.70518 to ©0.71713, saving model to best_resnet50_asl model.keras

Epoch 9: finished saving model to best_resnet50_asl_model.keras

B[1m110/110E[Om E[32m
Epoch 10/30

B[1mll1e/110@[0m &E[32m
Epoch 10: val_accuracy did not improve from ©.71713
B[1m110/110E[0m B[ 32m
Epoch 11/30

B[1mlle/110@[0m &E[32m

B[OmBE[37mR[Om B[1m405sB[Om 4s/step - accuracy: 0.5267 - loss:

EI[OmR[37mR[Om B[1m@sRE[Om 3s/step - accuracy: 0.5329 - loss: 1.

B[OmB[37mR[Om B[1m427sBE[Om 4s/step - accuracy: 0.5455 - loss:

EI[OmA[37mR[Om B[1m@sRE[Om 3s/step - accuracy: ©.5579 - loss: 1

Epoch 11: val_accuracy improved from 0.71713 to ©0.74900, saving model to best_resnet50 _asl model.keras

Epoch 11: finished saving model to best_resnet50_asl _model.keras

B[1m110/110B[0m B[32m
Epoch 12/30

B[1m110/110E[em E[32m
Epoch 12: val_accuracy did not improve from ©.74900
B[1m110/110B[0m B[32m
Epoch 13/30

B[1m110/110E[em E[32m

EI[OmE[37mR[Om B[1m396sB[Om 4s/step - accuracy: 0.5756 - loss:
PI[OmBI[ 37mE[Om BI[1m@sE[Om 3s/step - accuracy: 0.5853 - loss: 1.
E[OmR[37mR[Om B[1m395sB[Om 4s/step - accuracy: 0.6028 - loss:

PI[OmEI[ 37mE[Om BI[1m@sE[Om 3s/step - accuracy: 0.6096 - loss: 1.

Epoch 13: val_accuracy improved from 0.74900 to 0.75299, saving model to best_resnet50 asl model.keras

Epoch 13: finished saving model to best_resnet50_asl_model.keras

B[1m110/110E[0m B[32m
Epoch 14/30
B[1m110/110E[Om BE[32m

BI[OmBI[ 37mRI[Om BI[1m394sE[Om 4s/step - accuracy: 0.6091 - loss:

F[OmRI[37mE[Om B[1mOsE[Om 3s/step - accuracy: 0.6304 - loss: 1.

Epoch 14: val_accuracy improved from 0.75299 to 0.77291, saving model to best_resnet50_asl model.keras

Epoch 14: finished saving model to best_resnet50_asl_model.keras

B[1m110/110E[0m E[32m
Epoch 15/30
B[1m110/110B[0m B[32m

BI[OmB[37mR[Om B[1m433sE[Om 4s/step - accuracy: 0.6278 - loss:

FI[OmE[37mR[Om B[1m@sBE[Om 3s/step - accuracy: 0.6448 - loss: 1.

Epoch 15: val_accuracy improved from 0.77291 to 0.80080, saving model to best_resnet50 _asl model.keras

Epoch 15: finished saving model to best_resnet50_asl _model.keras

E[1m110/110E[0m BE[32m
Epoch 16/30

B[1m110/110E[em E[32m
Epoch 16: val_accuracy did not improve from ©.80080
E[1m110/110E[em E[32m
Epoch 17/30

B[1m110/110E[em E[32m

EI[OmE[37mR[Om B[1m396sB[Om 4s/step - accuracy: 0.6386 - loss:
PI[OmBI[ 37mE[Om BI[1m@sE[Om 3s/step - accuracy: 0.6541 - loss: 1.
E[OmR[37mR[Om B[1m397sB[Om 4s/step - accuracy: 0.6477 - loss:

PI[OmEI[ 37mE[Om BI[1m@sE[Om 3s/step - accuracy: 0.6638 - loss: 1.

Epoch 17: val_accuracy improved from 0.80080 to 0.81275, saving model to best_resnet50 asl model.keras

Epoch 17: finished saving model to best_resnet50_asl_model.keras

B[1m110/110E[0m B[32m
Epoch 18/30
B[1m110/110E[0m B[32m

BI[OmBI[ 37mRI[Om BI[1m395sE[Om 4s/step - accuracy: 0.6699 - loss:

PI[OmBI[37mE[Om B[1mOsE[@Om 3s/step - accuracy: 0.7030 - loss: 1.

Epoch 18: val_accuracy improved from 0.81275 to 0.83267, saving model to best_resnet50_asl _model.keras

Epoch 18: finished saving model to best_resnet50_asl_model.keras

B[1m110/110E[0m B[ 32m
Epoch 19/30
B[1m110/110B[0m E[32m B[ ema[ 37ma[ om
Epoch 19: val_accuracy did not improve from 0.83267
B[1m110/110E[em B[ 32m B[ OmEI[ 37mEI[Om
Epoch 20/30

B[1m110/110B[0m E[32m B[ ema[ 37ma[ om
Epoch 20: val_accuracy did not improve from 0.83267
B[1m110/110E[em E[32m B[ Omel[ 37mE[ Om
Epoch 21/30

B[1m110/110B[0m B[32m B[ @mE [ 37mEl[ om
Epoch 21: val_accuracy did not improve from 0.83267
B[1m110/110E[em E[32m B[ Omel[ 37me[ om
Epoch 22/30
B[1m110/110E[Om E[32m

B[1mosE[@m 3s/step - accuracy: ©0.7069 -
B[1m397sB[Om 4s/step - accuracy: 0.7136
B[1mosE[Om 3s/step - accuracy: 0.7142 -
B[ 1m432sB[Om 4s/step - accuracy: 0.7284
B[1mOsB[Om 3s/step - accuracy: 0.7395 -

B[ 1m396sk[@m 4s/step - accuracy: 0.7176

BI[OmBI[37mR[Om B[1m396sE[Om 4s/step - accuracy: 0.6960 - loss:

loss: @.

- loss:

loss: @.

- loss:

loss: @.

- loss:

p[OmR[37mE[Om B[1mOsBE[Om 3s/step - accuracy: 0.7230 - loss: O.

Epoch 22: val_accuracy improved from ©0.83267 to 0.84861, saving model to best_resnet50 _asl model.keras

Epoch 22: finished saving model to best_resnet50_asl_model.keras

B[1m110/110E[0m E[32m
Epoch 23/30
B[1mi110/110E[0m B[32m [ OmE [ 37mR[ Om
Epoch 23: val_accuracy did not improve from 0.84861
B[1m1l10/110R[Om B[ 32m B[ OmEI[ 37mE[Om
Epoch 24/30

B[1m110/110B[0m B[32m B[ ema[ 37ma[ om
Epoch 24: val_accuracy did not improve from 0.84861
B[1m110/110GE[em B[ 32m B[ OmEI[ 37mEI[Om
Epoch 25/30

B[1m110/110E[0m B[32m B[ @mE [ 37mEl[ om
Epoch 25: val_accuracy did not improve from 0.84861
B[1m110/110E[0m E[32m B[ Omel[ 37mE[ Om
Epoch 26/30

B[1m110/110E[0m B[32m B[ @mE [ 37mE[ om
Epoch 26: val_accuracy did not improve from 0.84861
B[1m110/110E[em E[32m B[ Omel[ 37me[ om
Epoch 27/30

B[1ml1l0/110R[Om B[ 32m B[ OmRI[ 37mR[Om
Epoch 27: val_accuracy did not improve from 0.84861
B[1m110/110E[em E[32m B[ Omel[ 37me[ om
Epoch 28/30
B[1m110/110E[0m B[ 32m

B[ OmEI[ 37mE[Om

B[1m399sk[Om 4s/step - accuracy: 0.7398
B[1mosk[Om 3s/step - accuracy: 0.7342 -
B[1m397sB[Om 4s/step - accuracy: 0.7312
B[1mosE[Om 3s/step - accuracy: 0.7481 -
B[ 1m439sB[Om 4s/step - accuracy: 0.7437
B[1meskE[Om 3s/step - accuracy: 0.7474 -
B[ 1m394sk[@m 4s/step - accuracy: 0.7659
B[1mOsB[Om 3s/step - accuracy: 0.7596 -
BI[1m398sk[@m 4s/step - accuracy: 0.7688
B[1mOsB[Om 3s/step - accuracy: 0.7800 -

B[ 1m395sk[@m 4s/step - accuracy: 0.7756

- loss:

loss: o.

- loss:

loss: ©.

- loss:

loss: @.

- loss:

loss: @.

- loss:

loss: @.

- loss:

PI[OmBI[37mE[Om B[1mOsE[Om 3s/step - accuracy: 0.7825 - loss: 0.

Epoch 28: val_accuracy improved from 0.84861 to 0.85259, saving model to best_resnet50_asl model.keras

Epoch 28: finished saving model to best_resnet50_asl_model.keras

B[1m110/110E[0m B[ 32m
Epoch 29/30
B[1m110/110B[0m B[32m

BI[OmBI[ 37mRI[Om BI[1m397sE[Om 4s/step - accuracy: 0.7795 - loss:

FI[OmE[37mR[Om B[1m@sB[Om 3s/step - accuracy: 0.7857 - loss: O.

Epoch 29: val_accuracy improved from ©.85259 to 0.85657, saving model to best_resnet50 _asl model.keras

Epoch 29: finished saving model to best_resnet50_asl _model.keras

E[1m110/110E[em E[32m
Epoch 30/30

B[1m110/110E[0m E[32m
Epoch 30: val_accuracy did not improve from ©.85657
E[1m110/110E[em E[32m

Restoring model weights from the end of the best epoch:

30.

E[OmR[37mR[Om B[1m441sB[Om 4s/step - accuracy: 0.7744 - loss:

PI[OmBI[ 37mE[Om BI[1m@sE[Om 3s/step - accuracy: 0.7834 - loss: ©.
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7267
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0.7212

7058
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In [19]:

In [20]:

# Step 18: Evaluate the model on validation and test data
# This step calculates final validation and test accuracy.

val loss, val_accuracy = model.evaluate(validation_generator, verbose=0)
test_loss, test_accuracy = model.evaluate(test_generator, verbose=0)

print(f"Validation Accuracy: {val_accuracy * 100:.2f}%")
print(f"Validation Loss: {val_loss:.4f}")

print(f"Test Accuracy: {test_accuracy * 100:.2f}%")
print(f"Test Loss: {test_loss:.4f}")

Validation Accuracy: 84.46%
Validation Loss: ©.5437
Test Accuracy: 87.33%

Test Loss: 0.4907

# Step 19: Plot training curves
# This step shows training and validation accuracy and loss across epochs.

plt.figure(figsize=(10, 6))

plt.plot(history.history["accuracy”], label="Training Accuracy")
plt.plot(history.history["val _accuracy"], label="Validation Accuracy")
plt.title("ResNet50 Accuracy")

plt.xlabel("Epochs")

plt.ylabel("Accuracy")

plt.legend()

plt.show()

plt.figure(figsize=(10, 6))

plt.plot(history.history["loss"], label="Training Loss")
plt.plot(history.history["val loss"], label="Validation Loss")
plt.title("ResNet50 Loss")

plt.xlabel("Epochs")

plt.ylabel("Loss")

plt.legend()

plt.show()

ResNet50 Accuracy

= Training Accuracy
- Validation Accuracy

0.8

0.7 1

0.6

8.5

Accuracy

0.4 1

0.3

0.2 1

0.1 A

0 5 10 15 20 25
Epochs

ResMNet50 Loss

30

3.5 A

3.0 ~

2.5

Loss

2.0+

LB

1.0 1

0.5

Training Loss

- Validation Loss

Epochs
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In [21]:

# Step 20: Create Confusion Matrix

# This step predicts test images and displays the confusion matrix.

test_generator.reset()

predictions = model.predict(test_generator)

y_pred
y_true

np.argmax(predictions, axis=1)
test_generator.classes

cm = confusion_matrix(y_true, y_pred)

plt.figure(figsize=(18, 16))
plt.imshow(cm)

plt.title("ResNet50 Confusion Matrix")
plt.xlabel("Predicted Label")
plt.ylabel("True Label")

plt.xticks(
ticks=np.arange(len(CLASS_NAMES)),
labels=CLASS_NAMES,
rotation=90

plt.yticks(
ticks=np.arange(len(CLASS_NAMES)),
labels=CLASS_NAMES

plt.colorbar()

for i in range(len(CLASS_NAMES)):
for j in range(len(CLASS_NAMES)):
plt.text(
3>
1)
cm[i, Jl,
ha="center",
va="center",
fontsize=7

plt.tight_layout()
plt.show()

print("Test Accuracy:", accuracy_score(y_true, y_pred))

print("ResNet50 Classification Report™)
print(classification_report(
y_true,
y_pred,
target_names=CLASS_NAMES,
zero_division=0

))

E[1m32/32B[em B[32m

True Label

E[OmR[37mR[Om E[1m10@sE[em 3s/step

=] — ™ m =+ ] o r~
Test Accuracy: 0.8732673267326733
ResNet50 Classification Report

precision recall fl-score  support
0 0.83 0.71 0.77 14
1 1.00 0.71 0.83 14
2 0.91 0.71 0.80 14
3 1.00 1.00 1.00 14
4 0.76 0.93 0.84 14
5 0.92 0.86 0.89 14
6 0.57 0.57 0.57 14
7 0.56 1.00 0.72 14
8 1.00 0.71 0.83 14
9 1.00 1.00 1.00 14
a 0.82 0.93 0.88 15
b 1.00 1.00 1.00 14
C 1.00 1.00 1.00 14
d 0.81 0.93 0.87 14
e 0.82 1.00 0.90 14
f 1.00 1.00 1.00 14
g 1.00 1.00 1.00 14
h 1.00 1.00 1.00 14
i 0.87 0.93 0.90 14

ResNet50 Confusion Matrix

Y h I o - r—
Predicted Label

S
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In [22]:
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accuracy
macro avg
weighted avg 0.

(o]

# Step 21: Save the confusion matrix image

.93
.00
.00
.65
.92
.75
.00
.00
.92
.00
.83
.76
.71
.78
.00
.00
.86

.89

89

O P O 0O 00O O0OO0OR P OO0 RO R

(]

.00
.79
.00
.93
.79
.86
.00
.00
.86
.64
.71
.93
.71
.50
.86
.00
.86

.87
.87

O P O 0O 00O RFRrR P OO RrOoOO

(O ]

# This step saves the confusion matrix as a PNG

plt.figure(figsize=(18, 16))
plt.imshow(cm)

plt.title("ResNet50 Confusion Matrix")

plt.xlabel("Predicted Label"
plt.ylabel("True Label")

plt.xticks(

ticks=np.arange(len(CLASS_NAMES)),

labels=CLASS_NAMES,
rotation=90

plt.yticks(

ticks=np.arange(len(CLASS_NAMES)),

labels=CLASS_NAMES

plt.colorbar()

for i in range(len(CLASS_NAMES)):

)

for j in range(len(CLASS_NAMES)):

plt.text(
3>
1)
cm[i, Jl,
ha="center",
va="center",
fontsize=7

plt.tight_layout()

plt.savefig("resnet50_confusion_matrix.png", dpi=300, bbox_inches="tight")

plt.show()

print("Confusion Matrix saved as: resnet50_confusion_matrix.png")

True Label

Confusion Matrix saved as: resnet5@_confusion_matrix.png

.97
.88
.00
.76
.85
.80
.00
.00
.89
.78
.77
.84
.71
.61
.92
.00
.86

.87
.87
.87

file.

14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14

505
505
505

ResNet50 Confusion Matrix

Y D—-, _.: - h—
Predicted Label

=
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In [23]:

In [24]:

In [25]:

In [26]:

In [27]:

In [28]:

In [29]:

# Step 22: Save the trained model and class names
# This step saves the final ResNet50 model and class labels to Google Drive.

import os

SAVE_PATH = "/content/drive/MyDrive/ASL_Project"
os.makedirs(SAVE_PATH, exist_ok=True)

# Save the trained model
model.save(os.path.join(SAVE_PATH, "final resnet50_asl_model.keras"))

# Save class names
with open(os.path.join(SAVE_PATH, "asl class_names.txt"), "w") as file:
for class_name in CLASS_NAMES:
file.write(class_name + "\n")

print("Model saved to:", os.path.join(SAVE_PATH, "final_resnet50_asl model.keras"))

print("Class names saved to:", os.path.join(SAVE_PATH, "asl class_names.txt"))

Model saved to: /content/drive/MyDrive/ASL_Project/final_resnet50_asl model.keras
Class names saved to: /content/drive/MyDrive/ASL_Project/asl_class_names.txt

# Step 23: Test prediction on one image
# This step allows testing the model on a single image manually.

from tensorflow.keras.preprocessing import image

def predict_single_image(image_path):
img = image.load_img(image_path, target_size=(IMG_SIZE, IMG_SIZE))
img_array = image.img_to_array(img)
img_array = np.expand_dims(img_array, axis=0)
img_array = preprocess_input(img_array)

prediction = model.predict(img_array)
predicted_index = np.argmax(prediction)
predicted_class = CLASS_NAMES[predicted_index]

confidence = np.max(prediction) * 100

print("Predicted Class:", predicted_class)
print(f"Confidence: {confidence:.2f}%")

plt.imshow(image.load_img(image_path))

plt.title(f"Prediction: {predicted class.upper()} | Confidence: {confidence:.2f}%")

plt.axis("off")
plt.show()

return predicted_class, confidence

# Step 24: Install Gradio
# This step installs Gradio to run the ASL recognition application.

Ipip install gradio -q

# Step 25: Import application libraries
# This step imports the required libraries to run the web application.

import gradio as gr
from PIL import Image
import tensorflow as tf

# Step 26: Load the saved model and class names
# This step loads the trained ResNet50 model and class labels from Google Drive.

import os
import tensorflow as tf

# Google Drive folder path
LOAD_PATH = "/content/drive/MyDrive/ASL_Project"

# Load the trained model
model = tf.keras.models.load_model(
os.path.join(LOAD_PATH, "final _resnet50_asl model.keras")

# Load class names
with open(os.path.join(LOAD_PATH, "asl class_names.txt"), "r") as file:
CLASS_NAMES = [line.strip() for line in file.readlines()]

print("Application model loaded successfully.")
print("Number of Classes:", len(CLASS_NAMES))
print("Class Names:", CLASS_NAMES)

Application model loaded successfully.
Number of Classes: 36
C].aSS NameS: [Iel) lllJ l2l, |3|, |4|J |5|, I6I, |7|) '8', l9l, Ial, Ib'_'

# Step 27: Create prediction function for the application

# This step prepares uploaded images and returns the predicted ASL class.
IMG_SIZE = 224

def predict_asl_resnet(image_input):

if image_input is None:
return "Please upload an image."

img = Image.fromarray(image_input).convert("RGB")
img = img.resize((IMG_SIZE, IMG_SIZE))

img_array = np.array(img)
img_array = np.expand_dims(img_array, axis=e)

img_array = preprocess_input(img_array)
prediction = model.predict(img_array)
predicted_index = np.argmax(prediction)

predicted_class = CLASS_NAMES[predicted_index]
confidence = np.max(prediction) * 100

result = f"Predicted Class: {predicted _class.upper()}\nConfidence: {confidence

return result

# Step 28: Run the application
# This step launches a Gradio web application to test the ResNet50 ASL model.

app = gr.Interface(
fn=predict_asl_resnet,
inputs=gr.Image(type="numpy", label="Upload ASL Image"),
outputs=gr.Textbox(label="Prediction Result"),
title="ASL Recognition using ResNet50",

DL 2F %"

description="Upload an ASL hand sign image and the ResNet50 model will predict the class."

app.launch(share=True)

Colab notebook detected. To show errors in colab notebook, set debug=True in launch()

* Running on public URL: https://8dfb2cb23805b50c09.gradio.live

This share link expires in 1 week. For free permanent hosting and GPU upgrades, run “gradio deploy" from the terminal in the working directory to deploy to Hugging Face Spaces (https://huggingface.co/spaces)

Jupyter Notebook — generated with runcell
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In [1]:

In [2]:

In [4]:

In [5]:

# Step 1: Mount Google Drive

# This step connects Google Drive to access the ASL dataset and save the trained model.

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

Mounted at /content/drive

# Step 2: Import required libraries

# This step imports all libraries needed for data cleaning, splitting, training, evaluation, and application.

import os

import shutil

import numpy as np

import matplotlib.pyplot as plt
import tensorflow as tf

from sklearn.model selection import train_test_split

from sklearn.metrics import confusion_matrix, classification_report, accuracy_score

from tensorflow.keras.models import Model

from tensorflow.keras.layers import Dense, Dropout, GlobalAveragePooling2D

from tensorflow.keras.preprocessing.image import ImageDataGenerator

from tensorflow.keras.callbacks import EarlyStopping, ModelCheckpoint, ReducelLROnPlateau

from tensorflow.keras.optimizers import Adam

from tensorflow.keras.applications import MobileNetV2
from tensorflow.keras.applications.mobilenet_v2 import preprocess_input

print("TensorFlow Version:", tf._version_ )

TensorFlow Version: 2.20.0

# Step 3: Define dataset path
# This step finds the correct ASL dataset folder inside Google Drive.

possible_paths = [
"/content/drive/MyDrive/ASL_Project/ASL_Dataset/asl_dataset",

ORIGINAL_DATASET_DIR = None

for path in possible_paths:
if os.path.isdir(path):
ORIGINAL_DATASET_DIR = path
break

if ORIGINAL_DATASET_DIR is None:
print("Dataset folder not found.")
print("Folders inside MyDrive:")
print(os.listdir("/content/drive/MyDrive"))
raise FileNotFoundError("Dataset path is not correct.")

print("Dataset Path:", ORIGINAL_DATASET_DIR)
print("Folders:", os.listdir(ORIGINAL_DATASET_DIR))

Dataset Path: /content/drive/MyDrive/ASL_Project/ASL_Dataset/asl_dataset

FOlder‘S: [IXI, |Z|J |y|’ lt', 'VI, |q|, |m|’ 'S', |p|J IW‘, |0|J

# Step 4: Define valid classes

1,

|n|’

u

J

# This step defines the 36 target classes: digits from © to 9 and letters from a to z.

VALID CLASSES = [
'0','1',72','3","4",'5","6",'7","8",'9",
‘a','b','c','d",'e',"f","'g",'h", "1, g,
'k','1','m','n",'0", p ql,'l’",'S','t',
'u','v','w"'x J'y B Z

NUM_CLASSES = len(VALID_CLASSES)

print("Number of Classes:", NUM_CLASSES)
print("Classes:", VALID_CLASSES)

Number of Classes: 36
Classes: ['@', '1', '2', '3', '4', '5', '6', '7', '8', '9', 'a',

r

)

K,
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In [6]:

In [7]:

# Step 5: Clean the dataset

# This step creates a clean dataset that contains only the required classes and image files.

CLEAN_DATASET_DIR = "/content/drive/MyDrive/ASL_Clean_Dataset_MobileNet"

if os.path.exists(CLEAN_DATASET_DIR):
shutil.rmtree(CLEAN_DATASET_DIR)

os.makedirs(CLEAN_DATASET_DIR, exist_ok=True)

def find_class_folder(dataset_dir, class_name):
possible_names = [class_name, class_name.upper(), class_name.lower()]

for name in possible_names:
path = os.path.join(dataset_dir, name)
if os.path.isdir(path):
return path

return None
total _clean_images = ©
for class_name in VALID_CLASSES:
source_class_dir = find_class_folder(ORIGINAL_DATASET_DIR, class_name)
target_class_dir = os.path.join(CLEAN_DATASET_DIR, class_name)
os.makedirs(target_class_dir, exist_ok=True)
if source_class_dir is None:
print("Missing class folder:", class_name)
continue

count = @

for root, dirs, files in os.walk(source_class_dir):
for file in files:

if file.lower().endswith((".jpg", ".jpeg", ".png", ".bmp", ".webp")):

src_file = os.path.join(root, file)

dst_file = os.path.join(target_class_dir, file)
shutil.copy2(src_file, dst_file)

count += 1

total_clean_images += count
print(f"{class_name}: {count} images copied")

print("\nClean Dataset Created Successfully")
print("Total Clean Images:", total clean_images)
print("Clean Dataset Path:", CLEAN_DATASET_DIR)

: 70 images copied
: 70 images copied
70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 71 images copied
: 70 images copied
: 70 images copied
: 70 images copied
70 images copied
70 images copied
70 images copied
70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 70 images copied
: 65 images copied
: 70 images copied
70 images copied
70 images copied
70 images copied
70 images copied
: 70 images copied

N X =< €c f+n 30T O S5 B HAWUHKH TV - MD®maAnNn oo OWONOOUIESE WNRO

Clean Dataset Created Successfully
Total Clean Images: 2516
Clean Dataset Path: /content/drive/MyDrive/ASL_Clean_Dataset_MobileNet

# Step 6: Create split folders

# This step creates train, validation, and test folders for the dataset split.

SPLIT_DATASET_DIR = "/content/drive/MyDrive/ASL_Split_Dataset_MobileNet"
train_dir = os.path.join(SPLIT_DATASET_DIR, "train")

validation_dir = os.path.join(SPLIT_DATASET_DIR, "validation")

test_dir = os.path.join(SPLIT_DATASET_DIR, "test")

if os.path.exists(SPLIT_DATASET_DIR):
shutil.rmtree(SPLIT_DATASET_DIR)

os.makedirs(train_dir, exist_ok=True)
os.makedirs(validation_dir, exist_ok=True)

os.makedirs(test_dir, exist_ok=True)

print("Split folders created successfully.")

Split folders created successfully.

Jupyter Notebook — generated with runcell

2/13



6/29/26, 7:00 PM

about:blank

In [8]:

In [10]:

In [11]:

In [12]:

# Step 7: Split the dataset

# This step splits the clean dataset into 70% training, 10% validation, and 20% testing.

train_ratio = 0.70
validation_ratio = 0.10
test_ratio = 0.20

def split_and_copy files(class_name):
class_dir = os.path.join(CLEAN_DATASET DIR, class_name)

all images = [
os.path.join(class_dir, file)
for file in os.listdir(class_dir)
if file.lower().endswith((".jpg", ".jpeg", ".png", ".bmp", ".webp"))

if len(all_images) < 3:
print(f"Not enough images in class: {class_name}")
return 0, 0, O

train_images, temp_images = train_test_split(
all_images,
test_size=0.30,
random_state=42,
shuffle=True

validation_images, test_images = train_test_split(
temp_images,
test_size=2/3,
random_state=42,
shuffle=True

split_data = {
"train": train_images,
"validation": validation_images,
"test": test_images

for split_name, images in split_data.items():
target_dir = os.path.join(SPLIT_DATASET_DIR, split_name, class_name)
os.makedirs(target_dir, exist_ok=True)

for image_path in images:
shutil.copy2(image_path, target_dir)

return len(train_images), len(validation_images), len(test_images)
total_train = ©
total_validation = ©

total_test = ©

for class_name in VALID_CLASSES:

train_count, validation_count, test_count = split_and_copy_files(class_name)

total train += train_count
total_validation += validation_count
total_test += test_count

print(f"{class_name}: Train={train_count}, Validation={validation_count}, Test={test_count}")

print("\nFinal Split:")

print("Training Images:", total_train)
print("Validation Images:", total_validation)
print("Testing Images:", total_test)

: Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=15
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=45, Validation=6, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
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Final Split:

Training Images: 1760
Validation Images: 251
Testing Images: 505

# Step 8: Define training parameters
# This step defines image size, batch size, epochs, and learning rate.

IMG_SIZE = 224
BATCH_SIZE = 16

EPOCHS = 30
LEARNING_RATE = 0.0001

print("Image Size:", IMG_SIZE)
print("Batch Size:", BATCH_SIZE)
print("Epochs:", EPOCHS)
print("Learning Rate:", LEARNING_RATE)

Image Size: 224

Batch Size: 16
Epochs: 30

Learning Rate: 0.0001

# Step 9: Prepare data augmentation

# This step applies augmentation only to the training data to improve model generalization.

train_datagen = ImageDataGenerator(
preprocessing_function=preprocess_input,
rotation_range=20,
width_shift_range=0.15,
height_shift_range=0.15,
zoom_range=0.15,
shear_range=0.10,
brightness_range=[0.7, 1.3],
horizontal flip=False,
fill_mode="nearest"

val_test_datagen = ImageDataGenerator(
preprocessing function=preprocess_input

# Step 10: Create training generator
# This step loads the training images from the train folder.

train_generator = train_datagen.flow_from_directory(
train_dir,
classes=VALID_ CLASSES,
target_size=(IMG_SIZE, IMG_SIZE),
batch_size=BATCH_SIZE,
class_mode="categorical”,
shuffle=True,
seed=42

print("Training Images:", train_generator.n)
print("Training Classes:", train_generator.num_classes)

Found 1760 images belonging to 36 classes.
Training Images: 1760
Training Classes: 36
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In [13]: # Step 11: Create validation generator
# This step loads the validation images from the validation folder.

validation_generator = val_test_datagen.flow_from_directory(
validation_dir,
classes=VALID_CLASSES,
target_size=(IMG_SIZE, IMG_SIZE),
batch_size=BATCH_SIZE,
class_mode="categorical”,
shuffle=False

print("Vvalidation Images:", validation_generator.n)
print("Validation Classes:", validation_generator.num_classes)

Found 251 images belonging to 36 classes.
Validation Images: 251
Validation Classes: 36

In [14]: # Step 12: Create test generator
# This step loads the test images from the test folder without shuffling.

test_generator = val_test_datagen.flow_from_directory(
test_dir,
classes=VALID_CLASSES,
target_size=(IMG_SIZE, IMG_SIZE),
batch_size=BATCH_SIZE,
class_mode="categorical”,
shuffle=False

CLASS_NAMES
NUM_CLASSES

list(train_generator.class_indices.keys())
len(CLASS_NAMES)

print("Class Names:", CLASS_NAMES)
print("Number of Classes:", NUM_CLASSES)

print("Test Images:", test_generator.n)
print("Test Classes:", test_generator.num_classes)

Found 505 images belonging to 36 classes.

Class Names: ['@"', '1', '2', '3', '4', '5', '6', '7', '8', '9', 'a', 'b"', 'c', 'd', ‘e', 'f', 'g', 'h*, 'i‘, 'j3', 'k', '1', ‘m', 'n', ‘o', 'p', 'q', 'r', ‘'s', 't', 'u', ‘'v', 'w', 'x', 'y', 'z']
Number of Classes: 36

Test Images: 505

Test Classes: 36

In [15]: # Step 13: Build MobileNetV2 model
# This step uses MobileNetV2 as a pre-trained feature extractor.

base_model = MobileNetV2(
weights="imagenet",
include_top=False,
input_shape=(IMG_SIZE, IMG_SIZE, 3)

base_model.trainable = False

print("MobileNetV2 base model loaded successfully.")

Downloading data from https://storage.googleapis.com/tensorflow/keras-applications/mobilenet_v2/mobilenet_v2_weights_tf dim_ordering_tf_kernels_1.0 224 no_top.h5
B[ 1m9406464 /9406464 0m B[ 32m FI[OmB[37mR[Om B[1mOsB[Om Ous/step
MobileNetV2 base model loaded successfully.
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In [16]:

X X X X

output = Dense(NUM_CLASSES, activation="softmax")(x)

Step 14: Add classification layers
This step adds custom layers to classify ASL images into 36 classes.

base_model.output

GlobalAveragePooling2D() (x)

Dense (256, activation="relu")(x)

Dropout(0.5)(x)

model = Model(

inputs=base_model.input,

outputs=output,

name="MobileNetV2_ASL_Model"

model.summary()

Model: "MobileNetV2_ASL_Model"

Jupyter Notebook — generated with runcell

Layer (type) Output Shape Param # | Connected to

input_layer ( , 224, 224, 0| -

(InputLayer) 3)

Convl (Conv2D) ( , 112, 112, 864 | input_layer[0][0]
32)

bn_Convl ( , 112, 112, 128 | Convi[e][9]

(BatchNormalizatio.. | 32)

Convl_relu (RelU) ( , 112, 112, 90 | bn_Convi[0][@]
32)

expanded_conv_dept.. ( , 112, 112, 288 | Convl_relu[0][9]

(DepthwiseConv2D) 32)

expanded_conv_dept.. ( , 112, 112, 128 | expanded_conv_de..

(BatchNormalizatio.. | 32)

expanded_conv_dept.. | ( , 112, 112, 0 | expanded_conv_de..

(ReLU) 32)

expanded_conv_proj.. ( , 112, 112, 512 | expanded_conv_de..

(Conv2D) 16)

expanded_conv_proj.. ( , 112, 112, 64 | expanded_conv_pr..

(BatchNormalizatio.. | 16)

block_1 expand ( , 112, 112, 1,536 expanded_conv_pr...

(Conv2D) 96)

block_1_expand_BN ( , 112, 112, 384 | block_1_expand[@..

(BatchNormalizatio.. | 96)

block_1_expand_relu ( , 112, 112, 0 | block_1_expand_B..

(ReLU) 96)

block_1_pad ( , 113, 113, 0 | block_1_expand_r..

(ZeroPadding2D) 96)

block_1_depthwise ( , 56, 56, 864 | block_1 pad[0][@]

(DepthwiseConv2D) 96)

block_1_depthwise_.. | ( , 56, 56, 384 | block_1_depthwis..

(BatchNormalizatio.. | 96)

block_1_depthwise_.. ( , 56, 56, 0 | block_1_depthwis..

(ReLU) 96)

block_1_project ( , 56, 56, 2,304 | block_1_depthwis..

(Conv2D) 24)

block_1_project_BN ( , 56, 56, 96 | block_1 project[..

(BatchNormalizatio.. | 24)

block_2_expand ( , 56, 56, 3,456 | block_1_project_..

(Conv2D) 144)

block_2_expand_BN ( , 56, 56, 576 | block_2_expand[@..

(BatchNormalizatio.. | 144)

block_2_expand_relu ( , 56, 56, 0 | block_2_expand_B..

(ReLU) 144)

block_2_depthwise ( , 56, 56, 1,296 | block_2 expand_r..

(DepthwiseConv2D) 144)

block_2_depthwise_.. | ( , 56, 56, 576 | block_2_depthwis..

(BatchNormalizatio.. | 144)

block_2_ depthwise_.. ( , 56, 56, 0 | block_2_depthwis..

(ReLU) 144)

block_2_project ( , 56, 56, 3,456 | block_2_ depthwis..

(Conv2D) 24)

block_2_project_BN ( , 56, 56, 96 | block_2_project[..

(BatchNormalizatio.. | 24)

block_2_add (Add) ( , 56, 56, 0 | block_1_project_..
24) block_2_project_..

block_3_expand ( , 56, 56, 3,456 | block_2_add[0][9@]

(Conv2D) 144)

block_3_expand_BN ( , 56, 56, 576 | block_3_expand[@..

(BatchNormalizatio.. | 144)

block_3_expand_relu | ( , 56, 56, 0 | block_3_expand_B..

(ReLU) 144)

block_3_pad ( , 57, 57, 0 | block_3_expand_r..

(ZeroPadding2D) 144)

block_3_depthwise ( , 28, 28, 1,296 | block_3 pad[9][9]

(DepthwiseConv2D) 144)

block_3_depthwise_.. | ( , 28, 28, 576 | block_3_depthwis..

(BatchNormalizatio.. | 144)

block_3_depthwise_.. | ( , 28, 28, 0 | block_3_depthwis..

(ReLU) 144)

block_3_project ( , 28, 28, 4,608 | block_3_depthwis..

(Conv2D) 32)

block_3_project_BN ( , 28, 28, 128 | block_3_project]..

(BatchNormalizatio.. | 32)

block_4_expand ( , 28, 28, 6,144 | block_3_project_..

(Conv2D) 192)

block_4_expand_BN ( , 28, 28, 768 | block_4_expand[o..

(BatchNormalizatio.. | 192)

block_4_expand_relu | ( , 28, 28, 0 | block_4_expand_B..

(ReLU) 192)

block_4_depthwise ( , 28, 28, 1,728 | block_4_ expand_r..

(DepthwiseConv2D) 192)

block_4_depthwise_.. | ( , 28, 28, 768 | block_4_depthwis..

(BatchNormalizatio.. | 192)

block_4 depthwise_.. ( , 28, 28, 0 | block 4 depthwis..

(ReLU) 192)

block_4 project ( , 28, 28, 6,144 | block_4_depthwis..

(Conv2D) 32)

block_4_project_BN ( , 28, 28, 128 | block_4_project]..

(BatchNormalizatio.. | 32)

block_4_add (Add) ( , 28, 28, 0 | block_3_project_..
32) block_4_project_..

block_5_expand ( , 28, 28, 6,144 | block_4_add[@][@]

(Conv2D) 192)

block_5_expand_BN ( , 28, 28, 768 | block_5_expand[@..

(BatchNormalizatio.. | 192)

block_5_expand_relu ( , 28, 28, 0 | block 5 expand_B..

(ReLU) 192)

block_5_depthwise ( , 28, 28, 1,728 | block_5_expand_r..

(DepthwiseConv2D) 192)

block_5 depthwise_.. ( , 28, 28, 768 | block 5 depthwis..

(BatchNormalizatio.. | 192)

block_5_depthwise_.. ( , 28, 28, 0 | block_5_depthwis..

(ReLU) 192)

block_5_project ( , 28, 28, 6,144 | block_5_depthwis..

(Conv2D) 32)

block_5_project_BN ( , 28, 28, 128 | block_5_project[..

(BatchNormalizatio.. | 32)

block_5_add (Add) ( , 28, 28, 0 | block_4_add[@][e..
32) block_5_project_..

block_6_expand ( , 28, 28, 6,144 | block_5_add[0][9]

(Conv2D) 192)

block_6_expand_BN ( , 28, 28, 768 | block_6_expand[@..

(BatchNormalizatio.. | 192)

block_6_expand_relu ( , 28, 28, 0 | block_6_expand_B..

(RelLU) 192)

block_6_pad ( 5> 29, 29, 0 | block_6_expand_r..

(ZeroPadding2D) 192)

block_6_depthwise ( , 14, 14, 1,728 | block_6_pad[0][9]

(DepthwiseConv2D) 192)

block_6_depthwise_.. | ( , 14, 14, 768 | block_6_depthwis..
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(BatchNormalizatio.. | 192)

block_6_depthwise_.. ( 14, 14, 0 | block_6_depthwis..

(RelLU) 192)

block_6_project ( 14, 14, 12,288 | block_6_depthwis..

(Conv2D) 64)

block_6_project_BN ( 14, 14, 256 | block_6_project]..

(BatchNormalizatio.. | 64)

block_7_expand ( 14, 14, 24,576 | block_6_project_..

(Conv2D) 384)

block_7_expand_BN ( 14, 14, 1,536 | block_7_expand[e@..

(BatchNormalizatio.. | 384)

block_7_expand_relu ( 14, 14, 0 | block_7_expand_B..

(ReLU) 384)

block_7_depthwise ( 14, 14, 3,456 | block_7_expand_r..

(DepthwiseConv2D) 384)

block_7_depthwise_.. | ( 14, 14, 1,536 | block_7_depthwis..

(BatchNormalizatio.. | 384)

block_7_depthwise_.. ( 14, 14, 0 | block_7_depthwis..

(ReLU) 384)

block_7_project ( 14, 14, 24,576 | block_7_depthwis..

(Conv2D) 64)

block_7_project_BN ( 14, 14, 256 | block_7_project[..

(BatchNormalizatio.. | 64)

block_7_add (Add) ( 14, 14, 0 | block_6_project_..
64) block_7_project_..

block_8_ expand ( 14, 14, 24,576 | block_7_add[0][9]

(Conv2D) 384)

block_8_expand_BN ( 14, 14, 1,536 | block_8 expand[e@..

(BatchNormalizatio.. | 384)

block_8 expand_relu | ( 14, 14, 0 | block_8 expand_B..

(ReLU) 384)

block_8_depthwise ( 14, 14, 3,456 | block_8_expand_r..

(DepthwiseConv2D) 384)

block_8 depthwise_.. ( 14, 14, 1,536 | block_8 depthwis..

(BatchNormalizatio.. | 384)

block_8 depthwise_.. | ( 14, 14, 0 | block_8 depthwis..

(ReLU) 384)

block_8_ project ( 14, 14, 24,576 | block_8 depthwis..

(Conv2D) 64)

block_8 project_BN ( 14, 14, 256 | block_8 project]..

(BatchNormalizatio.. | 64)

block_8 add (Add) ( 14, 14, 0 | block_7_add[@][e..
64) block_8 project_..

block_9_expand ( 14, 14, 24,576 | block_8 add[@][@]

(Conv2D) 384)

block_9_expand_BN ( 14, 14, 1,536 | block_9 expand[e@..

(BatchNormalizatio.. | 384)

block_9_expand_relu | ( 14, 14, 0 | block_9_expand_B..

(ReLU) 384)

block_9_depthwise ( 14, 14, 3,456 | block_9 expand_r..

(DepthwiseConv2D) 384)

block_9_depthwise_.. | ( 14, 14, 1,536 | block_9 depthwis..

(BatchNormalizatio.. | 384)

block_9 depthwise_.. ( 14, 14, 0 | block 9 depthwis..

(ReLU) 384)

block_9_project ( 14, 14, 24,576 | block_9_depthwis..

(Conv2D) 64)

block_9_project_BN ( 14, 14, 256 | block_9_project]..

(BatchNormalizatio.. | 64)

block_9_add (Add) ( 14, 14, 0 | block_8 add[@][e..
64) block_9_ project_..

block_10_expand ( 14, 14, 24,576 | block_9 add[@][@]

(Conv2D) 384)

block_10_expand_BN ( 14, 14, 1,536 | block_10_expand]..

(BatchNormalizatio.. | 384)

block_10_expand_re.. ( 14, 14, 0 | block_10_expand._..

(ReLU) 384)

block_10_depthwise ( 14, 14, 3,456 | block_10_expand._..

(DepthwiseConv2D) 384)

block_10 depthwise.. | ( 14, 14, 1,536 | block_10 depthwi..

(BatchNormalizatio.. | 384)

block_10 depthwise.. | ( 14, 14, 0 | block_10_depthwi..

(ReLU) 384)

block_10_project ( 14, 14, 36,864 | block_10_depthwi..

(Conv2D) 96)

block_10_project_BN ( 14, 14, 384 | block_10 project..

(BatchNormalizatio.. | 96)

block_11_ expand ( 14, 14, 55,296 | block_10 project..

(Conv2D) 576)

block_11_expand_BN ( 14, 14, 2,304 | block_11_expand]..

(BatchNormalizatio.. | 576)

block_11 expand_re.. ( 14, 14, 0 | block_11_expand._..

(ReLU) 576)

block_11 depthwise ( 14, 14, 5,184 | block_11_expand._..

(DepthwiseConv2D) 576)

block_11 depthwise.. ( 14, 14, 2,304 | block 11 depthwi..

(BatchNormalizatio.. | 576)

block_11 depthwise.. | ( 14, 14, 0 | block_11_depthwi..

(ReLU) 576)

block_11 project ( 14, 14, 55,296 | block_11_depthwi..

(Conv2D) 96)

block_11 project_BN ( 14, 14, 384 | block_11_project..

(BatchNormalizatio.. | 96)

block_11 add (Add) ( 14, 14, 9 | block_10 project..
96) block_11 project..

block_12_expand ( 14, 14, 55,296 | block_11_add[@][..

(Conv2D) 576)

block_12_ expand_BN ( 14, 14, 2,304 | block_12_expand]..

(BatchNormalizatio.. | 576)

block_12_expand_re.. ( 14, 14, 0 | block_12_expand._..

(ReLU) 576)

block_12_depthwise ( 14, 14, 5,184 | block_12_expand._..

(DepthwiseConv2D) 576)

block_12_ depthwise.. ( 14, 14, 2,304 | block_12_depthwi..

(BatchNormalizatio.. | 576)

block_12_ depthwise.. | ( 14, 14, 0 | block_12_depthwi..

(RelLU) 576)

block_12_ project ( 14, 14, 55,296 | block_12_depthwi..

(Conv2D) 96)

block_12 project_BN ( 14, 14, 384 | block_12_project..

(BatchNormalizatio.. | 96)

block_12_add (Add) ( 14, 14, 0 | block_11_add[@][..
96) block_12_project..

block_13_expand ( 14, 14, 55,296 | block_12_add[@][..

(Conv2D) 576)

block_13_expand_BN ( 14, 14, 2,304 | block_13 expand][..

(BatchNormalizatio.. | 576)

block_13 expand_re.. ( 14, 14, 0 | block 13 expand._..

(ReLU) 576)

block_13 pad ( 15, 15, 0 | block_13_expand._..

(ZeroPadding2D) 576)

block_13_depthwise ( 7, 7, 576) 5,184 | block_13 pad[@][..

(DepthwiseConv2D)

block_13_depthwise.. | ( 7, 7, 576) 2,304 | block_13_depthwi..

(BatchNormalizatio..

block_13 depthwise.. | ( 7, 7, 576) 0 | block_13 depthwi..

(ReLU)

block_13_project ( 7, 7, 160) 92,160 | block_13_depthwi..

(Conv2D)

block_13 project_BN ( 7, 7, 160) 640 | block_13 project..

(BatchNormalizatio..

block_14 expand ( 7, 7, 960) 153,600 | block_13 project..

(Conv2D)

block_14_ expand_BN ( 7, 7, 960) 3,840 | block_14 expand]..

(BatchNormalizatio..

block_14 expand_re.. | ( 7, 7, 960) 0 | block_14_expand._..

(ReLU)
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In [17]:

In [18]:

block_14 depthwise ( s 7, 7, 960) 8,640 | block_14 expand._..

(DepthwiseConv2D)

block_14 depthwise.. | ( s 7, 7, 960) 3,840 | block_14 depthwi..

(BatchNormalizatio..

block_14 depthwise.. | ( s 75, 7, 960) 0 | block_14 depthwi..

(ReLU)

block_14 project ( s 7, 7, 160) 153,600 | block_14 depthwi..

(Conv2D)

block_14 project BN | ( s 7, 7, 160) 640 | block_14 project..

(BatchNormalizatio..

block_14 add (Add) ( s 7, 7, 160) 0 | block_13 project..

block_14 project..

block_15_expand ( s, 7, 7, 960) 153,600 | block_14 add[@][..

(Conv2D)

block_15_expand_BN ( s 75, 7, 960) 3,840 | block_15_expand]..

(BatchNormalizatio..

block 15 expand_re.. | ( s, 7, 7, 960) 0 | block 15 expand_..

(ReLU)

block_15_ depthwise ( s 7, 7, 960) 8,640 | block_15 expand._..

(DepthwiseConv2D)

block_15_depthwise.. | ( s 75, 7, 960) 3,840 | block_15_depthwi..

(BatchNormalizatio..

block_15_ depthwise.. ( s, 7, 7, 960) 0 | block 15 depthwi..

(ReLU)

block_15 project ( s 7, 7, 160) 153,600 | block_15_ depthwi..

(Conv2D)

block_15 project BN | ( s 7, 7, 160) 640 | block_15_project..

(BatchNormalizatio..

block_15_add (Add) ( s, 7, 7, 160) 0 | block_14_add[@e][..

block_15_project..

block_16_expand ( s 75, 7, 960) 153,600 | block_15_add[@][..

(Conv2D)

block_16_expand_BN ( s 7, 7, 960) 3,840 | block_16_expand]..

(BatchNormalizatio..

block_16_expand_re.. | ( s 7, 7, 960) 0 | block_16_expand._..

(ReLU)

block_16_depthwise ( s 75, 7, 960) 8,640 | block_16_expand._..

(DepthwiseConv2D)

block_16_depthwise.. ( s, 7, 7, 960) 3,840 | block_16_depthwi..

(BatchNormalizatio..

block_16_depthwise.. | ( s 75, 7, 960) 9 | block_16_depthwi..

(ReLU)

block_16_project ( s 7, 7, 320) 307,200 | block_16_depthwi..

(Conv2D)

block_16_project_BN ( s, 7, 7, 320) 1,280 | block_16_project..

(BatchNormalizatio..

Conv_1 (Conv2D) ( s 75 7, 409,600 | block_16_project..
1280)

Conv_1_bn ( s 75 7, 5,120 | Conv_1[0][@]

(BatchNormalizatio.. | 1280)

out_relu (RelLU) ( s 75 7, 0 | Conv_1 bn[o@][@]
1280)

global_average_poo.. | ( , 1280) 0 | out_relu[@][@]

(GlobalAveragePool..

dense (Dense) ( 5 256) 327,936 | global_average_p..

dropout (Dropout) ( , 256) 0 | dense[0][0]

dense_1 (Dense) ( , 36) 9,252 | dropout[9][@]

Total params: 2,595,172 (9.90

MB)

Trainable params: 337,188 (1.29 MB)

Non-trainable params: 2,257,984 (8.61 MB)

# Step 15: Compile the model

# This step prepares the model for training using Adam optimizer and categorical crossentropy.

model.compile(
optimizer=Adam(learning_rate=LEARNING_RATE),
loss="categorical_crossentropy",
metrics=["accuracy"]

# Step 16: Prepare callbacks

# This step saves the best model and stops training when validation loss stops improving.

callbacks = [
EarlyStopping(

)s

monitor="val_loss",
patience=7,

restore_best_weights=True,

verbose=1

ReduceLROnPlateau(

)s

monitor="val_loss",
factor=0.3,
patience=4,
min_lr=1e-6,
verbose=1

ModelCheckpoint(
"best_mobilenetv2_asl_model.keras",

monitor="val_accuracy”,

save_best_only=True,
verbose=1
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In [19]:

# Step 17: Train the model

# This step trains MobileNetV2 using training data and validates it using validation data.

history = model.fit(
train_generator,

validation_data=validation_generator,

epochs=EPOCHS,
callbacks=callbacks

Epoch 1/30

B[1m110/110E[em E[32m
Epoch 1: val_accuracy improved

Epoch 1: finished saving model

B[ @mEI[ 37mEI[Om

B[ 1m@sBI[Om 939ms/step - accuracy: ©0.0407 - loss: 3.9520

from None to 0.20717, saving model to best_mobilenetv2_asl model.keras

to best_mobilenetv2_asl_

B[1m110/110E[0m B[32m
Epoch 2/30

B[1ml10/110R@[0m E[32m
Epoch 2: val_accuracy improved

Epoch 2: finished saving model

B[ OmeI[ 37mR[Om

model.keras

BI[OmBI[ 37mEI[Om B[1ml126sE[@Om 1s/step - accuracy: 0.0636 - loss: 3.6473 -

B[1mOsB[Om 952ms/step - accuracy: 0.1444 - loss: 3.0957

from 0.20717 to ©.37849, saving model to best_mobilenetv2_asl model.keras

to best_mobilenetv2_asl_

B[1m110/110E[0m E[32m
Epoch 3/30

B[1mll10/110@[0m E[32m
Epoch 3: val_accuracy improved

Epoch 3: finished saving model

[ OmE [ 37mE[ Om

model.keras

F[OmRI[37mB[Om B[1mll6sE[Om 1ls/step - accuracy: 0.1733 - loss: 2.9944 -

B[1mosE[Om 980ms/step - accuracy: 0.2541 - loss: 2.6570

from 0.37849 to 0.48207, saving model to best_mobilenetv2_asl model.keras

to best_mobilenetv2_asl_|

B[1m110/110B[0m B[32m
Epoch 4/30

B[1m110/110E[0m E[32m
Epoch 4: val_accuracy improved

Epoch 4: finished saving model

B[ OmEI[ 37mEI[Om

model.keras

FI[OmE[37mR[Om E[1m149sB[@Om 1s/step - accuracy: 0.2693 - loss: 2.5811 -

B[1m@sBI[Om 1ls/step - accuracy: ©.3265 - loss: 2.3294

from 0.48207 to ©.54582, saving model to best_mobilenetv2_asl model.keras

to best_mobilenetv2_asl_

E[1m110/110B[0m B[32m
Epoch 5/30

B[1m110/110B[0m B[32m
Epoch 5: val_accuracy improved

Epoch 5: finished saving model

E[ OmE[ 37mR[ 0m

model.keras

PI[OmBI[ 37mEI[Om B[1m128sE[Om 1s/step - accuracy: 0.3392 - loss: 2.2981 -

B[1mosE[Om 960ms/step - accuracy: 0.3860 - loss: 2.1169

from 0.54582 to 0.60159, saving model to best_mobilenetv2_asl model.keras

to best_mobilenetv2_asl_

B[1m110/110E[Om E[32m
Epoch 6/30

B[1mlle/110@[0m E[32m
Epoch 6: val_accuracy improved

Epoch 6: finished saving model

[ OmE[ 37mE[ Om

model.keras

F[OmR[37mE[Om B[1m119s@[Om 1ls/step - accuracy: 0.4051 - loss: 2.0516 -

B[1mesE[Om 955ms/step - accuracy: 0.4357 - loss: 1.8880

from 0.60159 to 0.66534, saving model to best_mobilenetv2_asl model.keras

to best_mobilenetv2_asl_|

B[1mlle/110@[0m E[32m
Epoch 7/30

B[1m110/110E[0m B[ 32m
Epoch 7: val_accuracy improved

Epoch 7: finished saving model

B[ OmEI[ 37mEI[Om

model.keras

E[OmR[37mR[Om E[1m11l7sBE[@Om 1s/step - accuracy: 0.4369 - loss: 1.8715 -

B[ 1mOsBI[@m 950ms/step - accuracy: ©.5244 - loss: 1.7065

from 0.66534 to 0.71713, saving model to best_mobilenetv2_asl model.keras

to best_mobilenetv2_asl_

B[1m110/110B[Om B[32m
Epoch 8/30

B[1m110/110E[0m E[32m
Epoch 8: val_accuracy improved

Epoch 8: finished saving model

E[ OmE[ 37mR[ 0m

model.keras

PI[OmBI[ 37mE[Om B[1ml43sE[Om 1ls/step - accuracy: 0.5091 - loss: 1.7038 -

B[1mOsBE[Om 934ms/step - accuracy: ©.5312 - loss: 1.6241

from 0.71713 to ©.73705, saving model to best_mobilenetv2_asl model.keras

to best_mobilenetv2_asl_|

B[1m110/110E[Om E[32m
Epoch 9/30

B[1m110/110E[0m E[32m
Epoch 9: val_accuracy improved

Epoch 9: finished saving model

B[ @mEI[ 37mEI[Om

model.keras

F[OmRI[37mE[Om B[1ml1l15s@[@Om 1s/step - accuracy: 0.5483 - loss: 1.5794 -

B[ 1mOsBI[Om 944ms/step - accuracy: ©.5827 - loss: 1.4565

from 0.73705 to 0.75697, saving model to best_mobilenetv2_asl model.keras

to best_mobilenetv2_asl_

B[1mll1e/110@[0m &E[32m
Epoch 10/30

B[1m110/110E[0m B[ 32m
Epoch 10: val_accuracy did not
B[1mlle/110@[0m &E[32m

B[ OmEI[ 37mE[Om
improve from 0.75697

Epoch 11/30

[ OmE[ 37mR[ Om

B[1m110/110E[0m E[32m
Epoch 11: val_accuracy did not
B[1m110/110B[0m B[32m

B[ OmEI[ 37mEI[Om
improve from 0.75697

Epoch 12/30

[ OmE [ 37mR[ Om

E[1m110/110E[6m B[32m

B[ @mEI[ 37mEI[Om

model.keras

E[OmR[37mR[Om E[1m11l4sBE[Om 1s/step - accuracy: 0.5727 - loss: 1.4620 -

B[1mOsBE[Om 946ms/step - accuracy: ©.5899 - loss: 1.4013

B[1mll6sBE[Om 1s/step - accuracy: 9.6040 - loss: 1.3621 -

B[ 1mOsBI[@m 930ms/step - accuracy: 0.6069 - loss: 1.3272

B[1ml114sB[Om 1s/step - accuracy: 0.6187 - loss: 1.2992 -

B[ 1mOsBI[Om 907ms/step - accuracy: 0.6136 - loss: 1.2386

Epoch 12: val_accuracy improved from 0.75697 to ©0.77291, saving model to best_mobilenetv2_asl model.keras

Epoch 12: finished saving model to best_mobilenetv2_asl_model.keras

E[1m110/110B[0m B[32m
Epoch 13/30

B[1ml10/110R@[0m E[32m
Epoch 13: val_accuracy did not

B[ OmRI[ 37mR[Om
improve from 0.77291

B[1m110/110E[0m B[32m
Epoch 14/30

B[1m110/110E[em E[32m

B[ OmRI[ 37mR[Om

PI[OmBI[ 37mEI[Om B[1mll12sE[Om 1s/step - accuracy: 0.6381 - loss: 1.2098 -

B[1mOsB[Om 968ms/step - accuracy: 0.6389 - loss: 1.1894

BI[OmBI[ 37mEI[Om B[1mll7sE[Om 1s/step - accuracy: 0.6460 - loss: 1.1691 -

B[1mOsB[Om 934ms/step - accuracy: 0.6865 - loss: 1.0981

Epoch 14: val_accuracy improved from 0.77291 to 0.78088, saving model to best_mobilenetv2_asl model.keras

Epoch 14: finished saving model to best_mobilenetv2_asl_model.keras

B[1m110/110E[0m E[32m
Epoch 15/30
B[1m110/110B[0m B[32m

[ OmE [ 37mR[ Om

F[OmRI[37mE[Om B[1mll6sE[Om 1ls/step - accuracy: 0.6875 - loss: 1.0904 -

B[1mosE[Om 939ms/step - accuracy: 0.7194 - loss: 1.0138

Epoch 15: val_accuracy improved from ©.78088 to 0.80478, saving model to best_mobilenetv2_asl model.keras

Epoch 15: finished saving model to best_mobilenetv2_asl model.keras

B[1m110/110B[0m B[32m
Epoch 16/30

B[1m110/110E[em E[32m
Epoch 16: val_accuracy did not

B[ @mEI[ 37mEI[Om
improve from 0.80478

B[1m110/110E[0m E[32m
Epoch 17/30

E[ OmE[ 37mR[ @m

B[1m110/110E[em E[32m
Epoch 17: val_accuracy did not

B[ @mEI[ 37mEI[Om
improve from 0.80478

B[1m110/110E[Om E[32m
Epoch 18/30

B[ OmRI[ 37mR[Om

B[1m110/110E[0m B[ 32m
Epoch 18: val_accuracy did not

B[ @mEI[ 37mEI[ Om
improve from 0.80478

B[1m110/110B[0m B[32m
Epoch 19/30
B[1mll1e/110@[0m E[32m

B[ OmEI[ 37mE[Om

[ OmE[ 37mR[ Om

F[OmE[37mR[Om BE[1mll6sBE[Om 1s/step - accuracy: 0.7000 - loss: 1.0317 -

B[ 1mOsBI[Om 924ms/step - accuracy: ©.6999 - loss: 0.9903

B[1ml112sBE[Om 1s/step - accuracy: 0.7011 - loss: 0.9990 -

B[ 1mOsBI[@m 967ms/step - accuracy: ©.7054 - loss: 0.9272

B[1m1l19sB[Om 1s/step - accuracy: ©.7119 - loss: 0.9260 -

B[ 1mOsBI[Om 946ms/step - accuracy: ©.7057 - loss: 0.9434

B[1mll6sBE[Om 1s/step - accuracy: ©.7210 - loss: 0.9209 -

B[1mosE[Om 940ms/step - accuracy: 0.7255 - loss: 0.9256

Epoch 19: val_accuracy improved from 0.80478 to 0.80876, saving model to best_mobilenetv2_asl_model.keras

Epoch 19: finished saving model to best_mobilenetv2_asl model.keras

B[1m110/110B[0m E[32m
Epoch 20/30

E[1m110/110E[6m B[32m

B[ OmEI[ 37mEI[Om

E[OmE[37mR[Om E[1m1l4sBE[Om 1s/step - accuracy: 0.7261 - loss: 0.9168 -

B[ 1mOsBI[@m 928ms/step - accuracy: ©.7479 - loss: 0.8781

Epoch 20: val_accuracy improved from 0.80876 to 0.82072, saving model to best_mobilenetv2_asl model.keras

Epoch 20: finished saving model to best_mobilenetv2_asl_model.keras

E[1m110/110B[0m B[32m
Epoch 21/30
B[1m110/110E[em E[32m

Epoch 21: val_accuracy did not

Z[ OmE[ 37mR[ 0m
improve from 0.82072

B[1m110/110E[0m B[32m
Epoch 22/30

B[ @mEI[ 37mEI[ Om

B[1m1l10/110R@[0m E[32m
Epoch 22: val_accuracy did not

B[ OmR[ 37mR[Om
improve from 0.82072

B[1m110/110E[0m B[32m
Epoch 23/30

B[ @mEI[ 37mEI[ Om

B[1m110/110E[0m E[32m
Epoch 23: val_accuracy did not

B[ OmEI[ 37mE[Om
improve from 0.82072

B[1mlle/110@[0m E[32m
Epoch 24/30

[ OmE [ 37mR[ Om

B[1m110/110E[0m E[32m
Epoch 24: val_accuracy did not

B[ OmEI[ 37mE[Om
improve from 0.82072

B[1m110/110B[0m B[32m
Epoch 25/30

[ OmE [ 37mR[ Om

E[1m110/110E[6m B[32m

B[ OmEI[ 37mEI[Om

PI[OmBI[ 37mE[Om B[1mll12sE[Om 1s/step - accuracy: 0.7506 - loss: 0.8615 -

B[1mosE[Om 953ms/step - accuracy: 0.7561 - loss: ©.8330

B[1m118sB[Om 1s/step - accuracy: ©.7420 - loss: 0.8560 -

B[1mOsB[Om 923ms/step - accuracy: 0.7674 - loss: 0.7964

B[1m138sB[Om 1s/step - accuracy: ©.7631 - loss: 0.8027 -

B[1mOsB[Om 951ms/step - accuracy: ©.7484 - loss: 0.7967

B[1m115sRE[@m 1s/step - accuracy: ©0.7574 - loss: ©.7955 -

B[ 1mOsB[Om 946ms/step - accuracy: ©.7785 - loss: 0.7790

B[1ml114sB[Om 1s/step - accuracy: 0.7716 - loss: ©.7573 -

B[ 1m@sBI[@m 954ms/step - accuracy: ©.7674 - loss: 0.7685

Epoch 25: val _accuracy improved from ©0.82072 to 0.83665, saving model to best_mobilenetv2_asl model.keras

Epoch 25: finished saving model to best_mobilenetv2_asl_model.keras

E[1m110/110B[0m B[32m
Epoch 26/30
B[1m110/110E[em E[32m

Epoch 26: val_accuracy did not

E[ OmE[ 37mR[ 0m
improve from 0.83665

B[1m110/110E[0m B[32m
Epoch 27/30

B[ @mEI[ 37mEI[©m

E[1m1l10/110R@[0m E[32m
Epoch 27: val_accuracy did not

B[ OmRI[ 37mR[Om
improve from 0.83665

B[1m110/110E[0m B[32m
Epoch 28/30

B[ @mEI[ 37mEI[©m

B[1m110/110E[0m B[ 32m
Epoch 28: val_accuracy did not

B[ OmEI[ 37mE[Om
improve from 0.83665

B[1mlle/110@[0m E[32m
Epoch 29/30

[ OmE [ 37mR[ Om

B[1m110/110E[0m B[ 32m
Epoch 29: val_accuracy did not
B[1m110/110B[0m B[32m

B[ OmEI[ 37mEI[Om
improve from 0.83665

Epoch 30/30

[ OmE [ 37mR[ Om

E[1m110/110E[6m B[32m

B[ OmEI[ 37mEI[Om

PI[OmBI[ 37mEI[Om B[1m118sE[Om 1s/step - accuracy: 0.7847 - loss: 0.7372 -

B[1mOsE[Om 934ms/step - accuracy: ©0.8098 - loss: 0.6843

B[1m123sBE[Om 1s/step - accuracy: ©.8051 - loss: 0.6901 -

B[1mOsB[Om 901ms/step - accuracy: ©.8139 - loss: 0.6277

B[1mlllsB@[Om 1s/step - accuracy: ©.7920 - loss: 0.6683 -

B[1mOsB[Om 901ms/step - accuracy: ©.7821 - loss: 0.7233

B[1ml111sE[Om 1s/step - accuracy: 0.7943 - loss: 0.6944 -

B[ 1m@sBI[Om 91lms/step - accuracy: ©.7987 - loss: 0.6432

B[1m112sBE[Om 1s/step - accuracy: 0.7994 - loss: 0.6460 -

B[ 1mOsBI[Om 904ms/step - accuracy: ©.8137 - loss: 0.6333

Epoch 30: val_accuracy improved from ©0.83665 to 0.85259, saving model to best_mobilenetv2_asl model.keras

Epoch 30: finished saving model to best_mobilenetv2_asl_model.keras

E[1m110/110E[6m B[32m

PI[OmBI[ 37mEI[Om B[1mlllsE[Om 1s/step - accuracy: 0.8040 - loss: 0.6428 -

Restoring model weights from the end of the best epoch: 30.
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In [20]:

In [21]:

# Step 18: Evaluate the model on validation and test data
# This step calculates final validation and test accuracy.

val loss, val_accuracy = model.evaluate(validation_generator, verbose=0)
test_loss, test_accuracy = model.evaluate(test_generator, verbose=0)

print(f"Validation Accuracy: {val_accuracy * 100:.2f}%")
print(f"Validation Loss: {val_loss:.4f}")

print(f"Test Accuracy: {test_accuracy * 100:.2f}%")
print(f"Test Loss: {test_loss:.4f}")

Validation Accuracy: 85.26%
Validation Loss: 0.4784
Test Accuracy: 87.92%

Test Loss: 0.4512

# Step 19: Plot training curves
# This step shows training and validation accuracy and loss across epochs.

plt.figure(figsize=(10, 6))

plt.plot(history.history["accuracy”], label="Training Accuracy")
plt.plot(history.history["val _accuracy"], label="Validation Accuracy")
plt.title("MobileNetV2 Accuracy")

plt.xlabel("Epochs")

plt.ylabel("Accuracy")

plt.legend()

plt.show()

plt.figure(figsize=(10, 6))

plt.plot(history.history["loss"], label="Training Loss")
plt.plot(history.history["val loss"], label="Validation Loss")
plt.title("MobileNetV2 Loss")

plt.xlabel("Epochs")

plt.ylabel("Loss")

plt.legend()

plt.show()

MobileNetV2 Accuracy

= Training Accuracy
- Validation Accuracy

0.8 A

0.7 1

0.6

0.5 1

Accuracy

0.4 1

0.3 -

0.2 1

0.1

0 5 10 15
Epochs

MobileNetV2 Loss

20

25

30

3.5

3.0

2.5

Loss

2.0~

L5

1.0+

0.5 1

— Training Loss

- Validation Loss

Epochs

20

25

30
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In [22]:

# Step 19: Plot training curves

# This step shows training and validation accuracy and loss across epochs.

plt.
plt.
plt.
plt.
plt.
plt.
plt.
plt.

plt.
plt.
plt.
plt.
plt.
plt.
plt.
plt.

figure(figsize=(10, 6))

plot(history.history["accuracy"], label="Training Accuracy")
plot(history.history["val_accuracy"], label="Validation Accuracy")
title("MobileNetV2 Accuracy")

xlabel("Epochs™)

ylabel("Accuracy")

legend()

show()

figure(figsize=(10, 6))

plot(history.history["loss"], label="Training Loss")
plot(history.history["val_loss"], label="Validation Loss")
title("MobileNetV2 Loss")

xlabel("Epochs™)

ylabel("Loss")

legend()

show()

MobileNetV2 Accuracy

= Training Accuracy
- Validation Accuracy
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In [23]:

# Step 20: Create Confusion Matrix

# This step predicts test images and displays the confusion matrix.

test_generator.reset()

predictions = model.predict(test_generator)

y_pred
y_true

np.argmax(predictions, axis=1)
test_generator.classes

cm = confusion_matrix(y_true, y_pred)

plt.figure(figsize=(18, 16))
plt.imshow(cm)

plt.title("MobileNetV2 Confusion Matrix")
plt.xlabel("Predicted Label")
plt.ylabel("True Label")

plt.xticks(
ticks=np.arange(len(CLASS_NAMES)),
labels=CLASS_NAMES,
rotation=90

plt.yticks(
ticks=np.arange(len(CLASS_NAMES)),
labels=CLASS_NAMES

plt.colorbar()

for i in range(len(CLASS_NAMES)):
for j in range(len(CLASS_NAMES)):
plt.text(
3>
1)
cm[i, Jl,
ha="center",
va="center",
fontsize=7

plt.tight_layout()
plt.show()

print("Test Accuracy:", accuracy_score(y_true, y_pred))

print("MobileNetV2 Classification Report")
print(classification_report(
y_true,
y_pred,
target_names=CLASS_NAMES,
zero_division=0

))

E[1m32/32B[em B[32m

True Label

E[OmR[37mR[Om E[1m26sR[Om 782ms/step

(=] — ™ M = T3] o r~
Test Accuracy: 0.8792079207920792
MobileNetV2 Classification Report

precision recall fl-score  support
0 0.71 0.86 0.77 14
1 0.93 0.93 0.93 14
2 1.00 0.57 0.73 14
3 1.00 1.00 1.00 14
4 0.70 1.00 0.82 14
5 1.00 0.86 0.92 14
6 0.50 0.57 0.53 14
7 0.72 0.93 0.81 14
8 0.92 0.79 0.85 14
9 1.00 0.86 0.92 14
a 0.83 1.00 0.91 15
b 1.00 1.00 1.00 14
C 1.00 0.93 0.96 14
d 0.82 1.00 0.90 14
e 1.00 1.00 1.00 14
f 1.00 1.00 1.00 14
g 0.82 1.00 0.90 14
h 1.00 0.79 0.88 14
i 0.93 0.93 0.93 14

MobileNet\VV2 Confusion Matrix

L] U‘l ..: - — e
Predicted Label

S
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In [24]:

In [25]:

J 0.93 1.00 0.97

k 1.00 1.00 1.00

1 1.00 1.00 1.00

m 0.71 0.86 0.77

n 0.88 0.50 0.64

o 0.83 0.71 0.77

p 1.00 1.00 1.00

q 1.00 1.00 1.00

r 1.00 0.86 0.92

S 0.92 0.86 0.89

t 0.73 0.79 0.76

u 0.88 1.00 0.93

v 0.76 0.93 0.84

w 0.55 0.43 0.48

X 1.00 0.93 0.96

y 1.00 1.00 1.00

z 1.00 0.79 0.88

accuracy 0.88

macro avg 0.89 0.88 0.88

weighted avg 0.89 0.88 0.88

# Step 21: Save the confusion matrix image

# This step saves the confusion matrix as a PNG

plt.figure(figsize=(18, 16))

plt.
plt.
plt.
plt.

plt.

plt.

plt.

for

imshow(c

m)

title("MobileNetV2 Confusion Matrix")

xlabel("
ylabel("

xticks(

Predicted Label")
True Label")

ticks=np.arange(len(CLASS_NAMES)),

labels=C
rotation

yticks(
ticks=np
labels=C

colorbar
i in ran

for j in
plt.

LASS_NAMES,
=90

.arange(len(CLASS_NAMES)),
LASS_NAMES

O

ge(len(CLASS_NAMES)):
range(len(CLASS_NAMES)):
text(

s

1)

em[i, Jl,

ha="center",

va="center",

fontsize=7

plt.tight_layout()

plt.savefig("mobilenetv2_confusion_matrix.png", dpi=300, bbox_inches="tight")
plt.

print("Confusion Matrix saved as: mobilenetv2_confusion_matrix.png")

show()

True Label

Confusion Matrix saved as: mobilenetv2_confusion_matrix.png

# Step 22: Save the trained model and class names

# This step saves the final MobileNetV2 model and class labels for later use.

model.save("final_mobilenetv2_asl model.keras")

with open("asl_class_names.txt", "w") as file:

for clas
file

print("Model
print("Class

Model
Class

s_name in CLASS_NAMES:
.write(class_name + "\n")

file.

14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14

505
505
505

saved as: final_mobilenetv2_asl_model.keras")

names saved as: asl_class_names.txt")

saved as: final _mobilenetv2_asl model.keras

names saved as: asl_class_names.txt
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# Step 23: Test prediction on one image
# This step allows testing the model on a single image manually.

from tensorflow.keras.preprocessing import image

def predict_single_image(image_path):
img = image.load_img(image_path, target_size=(IMG_SIZE, IMG_SIZE))
img_array = image.img_to_array(img)
img_array = np.expand_dims(img_array, axis=0)
img_array = preprocess_input(img_array)

prediction = model.predict(img_array)
predicted_index = np.argmax(prediction)
predicted_class = CLASS_NAMES[predicted_index]

confidence = np.max(prediction) * 100

print("Predicted Class:", predicted_class)
print(f"Confidence: {confidence:.2f}%")

plt.imshow(image.load_img(image_path))

plt.title(f"Prediction: {predicted class.upper()} | Confidence: {confidence:.2f}%")

plt.axis("off")
plt.show()

return predicted_class, confidence

# Step 24: Install Gradio
# This step installs Gradio to run the ASL recognition application.

Ipip install gradio -q

# Step 25: Import application libraries
# This step imports the required libraries to run the web application.

import gradio as gr

from PIL import Image
import tensorflow as tf

import os
import shutil

SAVE_PATH = "/content/drive/MyDrive/ASL_MobileNet_ Project"
os.makedirs(SAVE_PATH, exist_ok=True)

shutil.copy("final_mobilenetv2_asl model.keras",
os.path.join(SAVE_PATH, "final_mobilenetv2_asl_model.keras"))

shutil.copy("asl_class_names.txt",
os.path.join(SAVE_PATH, "asl class_names.txt"))

print("[7 Files copied to Google Drive successfully.")

74 Files copied to Google Drive successfully.

# Step 26: Load the saved MobileNetV2 model and class names from Google Drive

import os
import tensorflow as tf

LOAD_PATH = "/content/drive/MyDrive/ASL_MobileNet_Project"

MODEL_PATH
CLASS_PATH

os.path.join(LOAD_PATH, "final _mobilenetv2_asl_model.keras")
os.path.join(LOAD_PATH, "asl class_names.txt")

# Load MobileNetV2 model
model = tf.keras.models.load_model (MODEL_PATH)

# Load class names
with open(CLASS_PATH, "r") as file:
CLASS_NAMES = [line.strip() for line in file.readlines()]

print(" [ MobileNetV2 model loaded successfully.")
print("Number of classes:", len(CLASS_NAMES))
print("Class Names:", CLASS_NAMES)

7 MobileNetV2 model loaded successfully.
Number of classes: 36

Class Names: [Iel) '1., Izl, I3I’ I4IJ l5l, l6l, I7l) '8., I9l, lal’ Ibl,
# Step 27: Create prediction function for the application

# This step prepares uploaded images and returns the predicted ASL class.

IMG_SIZE = 224

def predict_asl_mobilenet(image_input):
if image_input is None:
return "Please upload an image."

img = Image.fromarray(image_input).convert("RGB")
img = img.resize((IMG_SIZE, IMG_SIZE))

img_array = np.array(img)
img_array = np.expand_dims(img_array, axis=e)
img_array = preprocess_input(img_array)

prediction = model.predict(img_array)

predicted_index = np.argmax(prediction)
predicted_class = CLASS_NAMES[predicted_index]
confidence = np.max(prediction) * 100

result = f"Predicted Class: {predicted class.upper()}\nConfidence: {confidence

return result

# Step 28: Run the application
# This step launches a Gradio web application to test the MobileNetV2 ASL model.

app = gr.Interface(
fn=predict_asl_mobilenet,
inputs=gr.Image(type="numpy", label="Upload ASL Image"),
outputs=gr.Textbox(label="Prediction Result"),
title="ASL Recognition using MobileNetVv2",

description="Upload an ASL hand sign image and the MobileNetV2 model will predict the class."

app.launch(share=True)

Colab notebook detected. To show errors in colab notebook, set debug=True in launch()

* Running on public URL: https://a22fad475a779f588a.gradio.live

This share link expires in 1 week. For free permanent hosting and GPU upgrades, run “gradio deploy’ from the terminal in the working directory to deploy to Hugging Face Spaces (https://huggingface.co/spaces)

Upload an ASL hand sign image and the MobileNetV2 model will predict the class.

Upload ASL Image

g

)

D230

Drop Image Here

_or_

Click to Upload

Clear

Jupyter Notebook — generated with runcell

ASL Recognition using MobileNetV2

Prediction Result

Usevia APl ¥ - Built with Gradio - Settings €%

Exported with runcell — convert notebooks to HTML or PDF anytime at runcell.dev.

Flag

13/13



6/29/26, 10:00 PM

about:blank

In [6]:

In [7]:

In [8]:

In [9]:

In [10]:

Jupyter Notebook — generated with runcell

# Step 1: Mount Google Drive
# This step connects Google Drive to access the dataset and save trained models.

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

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

# Step 2: Import Required Libraries
# This step imports all required libraries for data processing, model training, evaluation, and prediction.

import os

import shutil

import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns

import tensorflow as tf

from sklearn.model selection import train_test_split
from sklearn.metrics import (

classification_report,

confusion_matrix,

accuracy_score

from tensorflow.keras.models import Model
from tensorflow.keras.layers import (
Dense,
Dropout,
GlobalAveragePooling2D,
RandomRotation,
RandomZoom,
RandomTranslation,
RandomContrast

from tensorflow.keras.preprocessing.image import ImageDataGenerator
from tensorflow.keras.callbacks import (

EarlyStopping,

ModelCheckpoint,

ReducelLROnPlateau

from tensorflow.keras.optimizers import Adam
from tensorflow.keras.applications import EfficientNetBo
from tensorflow.keras.applications.efficientnet import preprocess_input

print("TensorFlow Version:", tf.__version_ )

TensorFlow Version: 2.20.0

# Step 3: Define Dataset Path
# This step finds the correct ASL dataset folder inside Google Drive.

possible_paths = [
"/content/drive/MyDrive/ASL_Project/ASL_Dataset/asl_dataset",

ORIGINAL_DATASET_DIR = None

for path in possible_paths:
if os.path.isdir(path):
ORIGINAL_DATASET_DIR = path
break

if ORIGINAL_DATASET_DIR is None:
print("Dataset folder not found.")
print("Folders inside MyDrive:")
print(os.listdir("/content/drive/MyDrive"))
raise FileNotFoundError("Dataset path is not correct.")

print("Dataset Path:", ORIGINAL_DATASET_ DIR)
print("Folders:", os.listdir(ORIGINAL_DATASET_DIR))

Dataset Path: /content/drive/MyDrive/ASL_Project/ASL_Dataset/asl_dataset
Folder\S: [IXI, IZIJ Iyl’ I_tl, 'VI, Iql, Iml’ ISI, IF)IJ le’ IOIJ lll, Inl, Iul’ lr‘l, lklJ Ihl’ Iil’ lel, I_FIJ Ibl’ l7l’ l(jlJ Igl, Icl’ lal, I9IJ I8l’ I6IJ ljl, I5I, I4l’ lel, I1IJ I2l’ I3l]

# Step 4: Define Class Labels

# This step defines all letters and digits used for classification.

VALID CLASSES = [
'@','1','2','3",'4",'5','6",'7",'8",'9",
rat,'b', e, d, e, Y, g, thY, i, g,
lkl,lll,Iml,lnl“lol,Ipl)lql,lr\ljlsl,ltl,

ut, v, twt, Ix, y !,z

NUM_CLASSES = len(VALID_CLASSES)

print("Number of Classes:", NUM_CLASSES)

Number of Classes: 36

# Step 5: Create Dataset Split Directories
# This step creates separate folders for training, validation, and testing datasets.

SPLIT_DATASET_DIR = "/content/drive/MyDrive/ASL_Split_Dataset_EfficientNet"
train_dir = os.path.join(SPLIT_DATASET_DIR, "train")
validation_dir = os.path.join(SPLIT_DATASET_DIR, "validation")

test_dir = os.path.join(SPLIT_DATASET_DIR, "test")

if os.path.exists(SPLIT DATASET_DIR):
shutil.rmtree(SPLIT_DATASET_DIR)

for folder in [train_dir, validation_dir, test_dir]:
os.makedirs(folder, exist_ok=True)

print("Split dataset folders created successfully.")

Split dataset folders created successfully.
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# Step 6: Split the Dataset

# This step splits the dataset into training, validation, and testing sets.

train_ratio = 0.7
validation_ratio = 0.1
test_ratio = 0.2

def split_and_copy_files(class_dir, dest_base_dir):

all images = [
os.path.join(class_dir, f)
for f in os.listdir(class_dir)
if os.path.isfile(os.path.join(class_dir, f))
and f.lower().endswith(('.jpg', '.jpeg', '.png'))

if len(all_images) == O:
return 0, 0, O

train_images, temp_images = train_test_split(
all images,
test_size=(1 - train_ratio),
random_state=42

validation_images, test_images = train_test_split(
temp_images,
test_size=test_ratio / (validation_ratio + test_ratio),
random_state=42

for images, folder_name in zip(
[train_images, validation_images, test_images],
["train", "validation", "test"]

dest_dir = os.path.join(
dest_base_dir,
folder_name,
os.path.basename(class_dir)

os.makedirs(dest_dir, exist_ok=True)

for file in images:
shutil.copy2(file, dest_dir)

return len(train_images), len(validation_images), len(test_images)

total_train = ©
total_validation = ©
total_test = ©

for class_name in VALID_CLASSES:

class_dir = os.path.join(ORIGINAL_DATASET_DIR, class_name)

if not os.path.isdir(class_dir):
print("Missing class folder:", class_name)
continue

train_count, validation_count, test_count = split_and_copy_files(
class_dir,
SPLIT_DATASET_DIR

total_train += train_count
total_validation += validation_count
total_test += test_count

print(f"{class_name}: Train={train_count}, Validation={validation_count}, Test={test_count}")

print("\nFinal Split:")

print("Training Images:", total_train)
print("Validation Images:", total_validation)
print("Testing Images:", total_test)

: Train=48,
Train=48,
Train=48,
: Train=48,
: Train=48,
: Train=48,
: Train=48,
: Train=48,
: Train=48,
: Train=48,
: Train=49,
: Train=48,
: Train=48,
: Train=48,
Train=48,
Train=48,
Train=48,
Train=48,
: Train=48,
: Train=48,
: Train=48,
: Train=48,
: Train=48,
: Train=48,
: Train=48,
: Train=48,
: Train=48,
: Train=48,
: Train=48,
: Train=45,
Train=48,
Train=48,
Train=48,
Train=48,
: Train=48,
: Train=48,
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Final Split:

Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=6,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,
Validation=7,

Training Images: 1726
Validation Images: 251
Testing Images: 539

Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15
Test=14
Test=15
Test=15
Test=15
Test=15
Test=15
Test=15

# Step 7: Define Training Parameters

# This step defines the image size, batch size, number of epochs, and learning rate.

IMG_SIZE = 224
BATCH_SIZE = 16
EPOCHS = 30

LEARNING_RATE = 0.0001

print("Image Size:", IMG_SIZE)
print("Batch Size:", BATCH_SIZE)
print("Epochs:", EPOCHS)
print("Learning Rate:", LEARNING_RATE)

#

Image Size:
Batch Size:
Epochs: 30

224
16

Learning Rate: 0.0001

Step 8: Create Image Data Generators
# This step creates image data generators for training, validation, and testing.

train_datagen = ImageDataGenerator()

val_test_datagen =

ImageDataGenerator()

# Step 9: Create the Training Data Generator

# This step loads the training images using the predefined class labels.

train_generator = train_datagen.flow_from_directory(

train_dir,

classes=VALID_CLASSES,
target_size=(IMG_SIZE, IMG_SIZE),
batch_size=BATCH_SIZE,

class_mode="categorical”,

shuffle=True,
seed=42

print("Train Images:", train_generator.n)
print("Train Classes Count:", train_generator.num_classes)

Found 1726 images belonging to 36 classes.
Train Images: 1726
Train Classes Count: 36

Jupyter Notebook — generated with runcell
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# Step 10: Create the Validation Data Generator

# This step loads the validation images using the predefined class labels.

validation_generator = val_test_datagen.flow_from_directory(
validation_dir,
classes=VALID_CLASSES,
target_size=(IMG_SIZE, IMG_SIZE),
batch_size=BATCH_SIZE,
class_mode="categorical”,
shuffle=False

print("Vvalidation Images:", validation_generator.n)

print("Validation Classes Count:", validation_generator.num_classes)

Found 251 images belonging to 36 classes.
Validation Images: 251
Validation Classes Count: 36

# Step 11: Create the Test Data Generator

# This step loads the test images and retrieves the class names.

test_generator = val_test_datagen.flow_from_directory(
test_dir,
classes=VALID_CLASSES,
target_size=(IMG_SIZE, IMG_SIZE),
batch_size=BATCH_SIZE,
class_mode="categorical”,
shuffle=False

CLASS_NAMES
NUM_CLASSES

list(train_generator.class_indices.keys())
train_generator.num_classes

print("Class Names:", CLASS_NAMES)

print("Number of Classes:", NUM_CLASSES)
print("Train Images:", train_generator.n)
print("validation Images:", validation_generator.n)
print("Test Images:", test_generator.n)

Found 539 images belonging to 36 classes.

Class Names: ['0', '1', '2', '3', '4', '5', '6', '7', '8',

Number of Classes: 36
Train Images: 1726
Validation Images: 251
Test Images: 539

# Step 12: Create the Data Augmentation Layer

# This step creates a data augmentation layer to improve model generalization.

transform_layer = tf.keras.Sequential([
RandomRotation(0.1),
RandomZoom(0.1),
RandomTranslation(0.1, 0.1),
RandomContrast(0.1)

1, name="Transform_Layer")

# Step 13: Build the EfficientNetBO Base Model

# This step loads EfficientNetB@ as a pre-trained feature extractor.

base_model = EfficientNetBo(
weights="imagenet",
include_top=False,
input_shape=(IMG_SIZE, IMG_SIZE, 3)

base_model.trainable = False

Downloading data from https://storage.googleapis.com/keras-applications/efficientnetb@_notop.h5
FI[OmB[37mRI[Om BE[1mOsR[Om Qus/step

B[1m16705208/16705208E[0m B[32m

# Step 14: Build the Classification Model

# This step adds the classification layers on top of EfficientNetBo.

inputs = tf.keras.Input(shape=(IMG_SIZE, IMG_SIZE, 3))

x = transform_layer(inputs)
X = preprocess_input(x)
x = base_model(x, training=False)

X = GlobalAveragePooling2D() (x)
x = Dense(256, activation="relu")(x)
x = Dropout(0.5)(x)
output = Dense(NUM_CLASSES, activation="softmax")(x)
model = Model(
inputs=inputs,

outputs=output,
name="EfficientNetBO_ASL_Model"

model.summary ()

Model: "EfficientNetBO_ASL_Model"

Jupyter Notebook — generated with runcell

Layer (type) Output Shape Param #
input_layer_1 (InputLayer) ( , 224, 224, 3) 0
Transform_Layer (Sequential) ( , 224, 224, 3) 0
efficientnetb® (Functional) ( , 7, 7, 1280) 4,049,571
global_average_pooling2d ( , 1280) 0
(GlobalAveragePooling2D)
dense (Dense) ( , 256) 327,936
dropout (Dropout) ( , 256) 0
dense_1 (Dense) ( , 36) 9,252
Total params: 4,386,759 (16.73 MB)
Trainable params: 337,188 (1.29 MB)
Non-trainable params: 4,049,571 (15.45 MB)
# Step 15: Compile the Model
# This step configures the optimizer, loss function, and evaluation metric.

model.compile(
optimizer=Adam(learning_rate=LEARNING_RATE),
loss="categorical_crossentropy",
metrics=["accuracy"]

# Step 16: Configure Training Callbacks

# This step defines callbacks for early stopping, learning rate reduction, and saving the best model.

callbacks = [

EarlyStopping(
monitor="val_loss",
patience=7,
restore_best_weights=True,
verbose=1

)s

ReduceLROnPlateau(
monitor="val_loss",
factor=0.3,
patience=4,
min_lr=1e-6,
verbose=1

)s

ModelCheckpoint(
"best_efficientnet_asl.keras”,
monitor="val_accuracy",
save_best_only=True,
verbose=1
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# Step 17: Train the Model
# This step trains the EfficientNetBO® model using the training and validation datasets.

history = model.fit(
train_generator,
validation_data=validation_generator,
epochs=EPOCHS,
callbacks=callbacks

Epoch 1/30
B[1m108/108E[0m E[32m

Epoch 1: val_accuracy improved from None to ©0.11554, saving model to best_efficientnet_asl.keras

Epoch 1: finished saving model to best_efficientnet_asl.keras
B[1m108/108E[0m B[ 32m
Epoch 2/30

E[1m1e8/108R[0m E[32m

Epoch 2: val_accuracy improved from ©.11554 to 0.25896, saving model to best_efficientnet_asl.keras

Epoch 2: finished saving model to best_efficientnet_asl.keras
B[1m108/108R[Om E[32m
Epoch 3/30

B[1m1le8/108@[0m &E[32m

Epoch 3: val_accuracy improved from 0.25896 to 0.35458, saving model to best_efficientnet_asl.keras

Epoch 3: finished saving model to best_efficientnet_asl.keras
B[1m108/108E[0m B[32m
Epoch 4/30

B[ 1m108/108E[Om B[ 32m

Epoch 4: val_accuracy improved from ©0.35458 to 0.40637, saving model to best_efficientnet_asl.keras

Epoch 4: finished saving model to best_efficientnet_asl.keras
B[1m108/108E[0m E[32m
Epoch 5/30

E[1m108/108E[em &[32m

Epoch 5: val_accuracy improved from 0.40637 to ©.47012, saving model to best_efficientnet_asl.keras

Epoch 5: finished saving model to best_efficientnet_asl.keras
B[1m108/108E[Om E[32m
Epoch 6/30

B[1m1le8/108@[0m &E[32m

Epoch 6: val_accuracy improved from ©0.47012 to 0.49402, saving model to best_efficientnet_asl.keras

Epoch 6: finished saving model to best_efficientnet_asl.keras
B[1m1le8/108@[0m &E[32m
Epoch 7/30

B[ 1m108/108E[Om E[32m

Epoch 7: val_accuracy improved from 0.49402 to 0.51793, saving model to best_efficientnet_asl.keras

Epoch 7: finished saving model to best_efficientnet_asl.keras
B[ 1m108/108E[Om E[32m
Epoch 8/30

E[1m108/108E[em E[32m

Epoch 8: val_accuracy improved from ©.51793 to ©.57371, saving model to best_efficientnet_asl.keras

Epoch 8: finished saving model to best_efficientnet_asl.keras

B[1m108/108R[Om B[ 32m F[OmR[37mE[Om B[1ml153s@[@m 1ls/step - accuracy: 0.4409
Epoch 9/30

B[ 1m108/108E[Om E[32m PI[OmBI[ 37mEI[Om B[1mOsE[Om 1s/step - accuracy: 0.4749 -
Epoch 9: val_accuracy did not improve from ©.57371

B[1m108/108R[Om B[ 32m F[OmBR[37mE[Om B[1ml54s@[@Om 1ls/step - accuracy: 0.4919
Epoch 10/30

E[1m108/108E[Om E[32m EI[OmR[37mR[Om B[1m@sRE[Om 1ls/step - accuracy: 0.5119 -
Epoch 10: val_accuracy did not improve from ©.57371

B[1m108/108R[Om E[32m B[OmB[37mRI[Om B[1ml52sE[Om 1s/step - accuracy: 0.5243
Epoch 11/30
B[1m1e8/108@[0m &[32m

EI[OmR[37mR[Om B[1m@sRE[Om 1ls/step - accuracy: 0.5009 -

Epoch 11: val_accuracy improved from ©.57371 to 0.58566, saving model to best_efficientnet_asl.

Epoch 11: finished saving model to best_efficientnet_asl.keras

B[1m108/108E[Om B[32m EI[OmE[37mR[Om E[1m151sBE[@m 1s/step - accuracy: 0.5220
Epoch 12/30

B[ 1m108/108E[Om B[ 32m PI[OmBI[ 37mEI[Om B[1mOsE[Om 1s/step - accuracy: 0.5463 -
Epoch 12: val_accuracy did not improve from ©.58566

B[1m108/108E[Om B[32m E[OmR[37mR[Om E[1m152sB[Om 1s/step - accuracy: 0.5556
Epoch 13/30
B[1m108/108E[0m E[32m

PI[OmBI[ 37mEI[Om B[1mOsE[Om 1s/step - accuracy: 0.5408 -

Epoch 13: val_accuracy improved from 0.58566 to ©0.59363, saving model to best_efficientnet_asl.

Epoch 13: finished saving model to best_efficientnet_asl.keras

B[ 1m108/108E[Om B[ 32m BI[OmBI[ 37mEI[Om B[1ml56sE[@Om 1s/step - accuracy: 0.5504
Epoch 14/30
E[1m1e8/108@[Om E[32m

F[OmBE[37mR[Om B[1mOsE[Om 1s/step - accuracy: 0.5739 -

Epoch 14: val_accuracy improved from 0.59363 to 0.59761, saving model to best_efficientnet_asl.

Epoch 14: finished saving model to best_efficientnet_asl.keras

B[1m108/108R[Om E[32m BI[OmBI[37mE[Om B[1ml153s@[@m 1ls/step - accuracy: 0.5886
Epoch 15/30
E[1m108/108E[0m RE[32m

FI[OmE[37mR[Om B[1m@sBE[Om 1ls/step - accuracy: 0.5882 -

Epoch 15: val_accuracy improved from 0.59761 to 0.60558, saving model to best_efficientnet_asl.

Epoch 15: finished saving model to best_efficientnet_asl.keras

B[1m108/108E[Om B[32m GI[OmE[37mR[Om E[1m152sBE[@Om 1s/step - accuracy: 0.6060
Epoch 16/30
B[1m108/108E[0m E[32m

PI[OmBI[ 37mEI[Om B[1mOsE[Om 1s/step - accuracy: 0.6220 -

Epoch 16: val_accuracy improved from 0.60558 to ©0.63745, saving model to best_efficientnet_asl.

Epoch 16: finished saving model to best_efficientnet_asl.keras

B[ 1m108/108E[Om B[ 32m PI[OmBI[ 37mRI[Om B[1ml54sE[Om 1s/step - accuracy: 0.6315
Epoch 17/30

B[1m108/108R[Om B[ 32m F[OmR[37mR[Om B[1mOsE[Om 1s/step - accuracy: 0.6357 -
Epoch 17: val_accuracy did not improve from 0.63745

B[ 1m108/108E[Om E[32m PI[OmBI[ 37mE[Om B[1mld6sE[@Om 1ls/step - accuracy: 0.6379
Epoch 18/30

B[1m108/108R[Om E[32m B[OmBI[37mR[Om B[1mOsE[Om 1s/step - accuracy: 0.6414 -
Epoch 18: val_accuracy did not improve from 0.63745

B[1m108/108E[Om E[32m E[OmR[37mR[Om E[1m204sE[Om 1s/step - accuracy: 0.6275
Epoch 19/30
B[1m108/108R[Om B[ 32m

F[OmBI[37mR[Om B[1mOsE[Om 1s/step - accuracy: 0.6350 -

Epoch 19: val_accuracy improved from 0.63745 to 0.64940, saving model to best_efficientnet_asl.

Epoch 19: finished saving model to best_efficientnet_asl.keras

B[ 1m108/108E[Om B[ 32m BI[OmBI[ 37mE[Om B[1ml149s@[Om 1ls/step - accuracy: 0.6454
Epoch 20/30

B[1m108/108E[Om B[32m FI[OmE[37mR[Om B[1mOsBE[Om 1ls/step - accuracy: 0.6719 -
Epoch 20: val_accuracy did not improve from 0.64940

B[ 1m108/108E[Om B[ 32m PI[OmEI[ 37mRI[Om B[1ml47sE[Om 1s/step - accuracy: 0.6703
Epoch 21/30
B[1m108/108E[0m @[ 32m

E[OmR[37mR[Om B[1mOsBE[Om 1s/step - accuracy: 0.6880 -

Epoch 21: val_accuracy improved from 0.64940 to ©0.66135, saving model to best_efficientnet_asl.

Epoch 21: finished saving model to best_efficientnet_asl.keras

B[1m108/108R[Om E[32m F[OmBA[37mR[Om B[1ml52s@E[@Om 1s/step - accuracy: 0.6715
Epoch 22/30
B[1m108/108E[0m B[ 32m

EI[OmBI[ 37mEI[Om B[1mOsE[Om 1s/step - accuracy: 0.6858 -

Epoch 22: val_accuracy improved from 0.66135 to 0.67331, saving model to best_efficientnet_asl.

Epoch 22: finished saving model to best_efficientnet_asl.keras

B[1m108/108E[Om E[32m EI[OmR[37mR[Om E[1m154sBE[@m 1s/step - accuracy: 0.6819
Epoch 23/30
B[1m108/108R[Om B[ 32m

F[OmBI[37mR[Om B[1mOsE[Om 1s/step - accuracy: 0.6737 -

Epoch 23: val_accuracy improved from 0.67331 to 0.67729, saving model to best_efficientnet_asl.

Epoch 23: finished saving model to best_efficientnet_asl.keras

B[ 1m108/108E[Om B[ 32m PI[OmBI[ 37mE[Om B[1ml148sE[@m 1ls/step - accuracy: 0.6819
Epoch 24/30
B[1m108/108E[em E[32m

E[OmR[37mR[Om B[1mOsBE[Om 1s/step - accuracy: 0.7074 -

Epoch 24: val_accuracy improved from 0.67729 to 0.68526, saving model to best_efficientnet_asl.

Epoch 24: finished saving model to best_efficientnet_asl.keras

EB[1m108/108E[Om B[32m E[OmR[37mR[Om BE[1m147sB[Om 1s/step - accuracy: 0.6999
Epoch 25/30
B[1m108/108E[em E[32m

BI[OmBI[ 37mEI[Om B[1mOsE[Om 1s/step - accuracy: 0.7247 -

Epoch 25: val_accuracy improved from 0.68526 to ©0.70518, saving model to best_efficientnet_asl.

Epoch 25: finished saving model to best_efficientnet_asl.keras

B[ 1m108/108E[Om E[32m PI[OmBI[ 37mRI[Om B[1ml158sE[Om 1s/step - accuracy: 0.7063
Epoch 26/30

B[1m108/108R[Om B[ 32m FI[OmBI[37mR[Om B[1mOsE[Om 1s/step - accuracy: 0.7098 -
Epoch 26: val_accuracy did not improve from 0.70518

B[1m108/108E[Om E[32m E[OmR[37mR[Om E[1m153sE[@Om 1s/step - accuracy: 0.7167
Epoch 27/30

B[ 1m108/108R[Om B[ 32m

BI[OmBI[ 37mE[Om B[1mOsE[Om 1s/step - accuracy: 0.7079 -

Epoch 27: val_accuracy improved from ©.70518 to 0.71315, saving model to best_efficientnet_asl.

Epoch 27: finished saving model to best_efficientnet_asl.keras

B[ 1m108/108R[Om B[ 32m PI[OmBI[ 37mR[Om B[1ml157sE[@m 1ls/step - accuracy: 0.7207
Epoch 28/30

EB[1m108/108E[Om B[32m E[OmR[37mR[Om B[1mOsBE[Om 1s/step - accuracy: 0.7225 -
Epoch 28: val_accuracy did not improve from ©.71315

B[ 1m108/108E[Om B[ 32m PI[OmEI[ 37mE[Om B[1ml52sE[@m 1s/step - accuracy: 0.7167
Epoch 29/30

EB[1m108/108E[Om B[32m E[OmR[37mR[Om B[1mOsBE[Om 1ls/step - accuracy: 0.7186 -
Epoch 29: val_accuracy did not improve from ©.71315

B[ 1m108/108E[Om E[32m PI[OmBI[ 37mRI[Om B[1ml58sE[Om 1s/step - accuracy: 0.7375
Epoch 30/30
B[1m108/108E[Om E[32m

F[OmBA[37mR[Om B[1mOsE[Om 1s/step - accuracy: 0.7189 -

Epoch 30: val_accuracy improved from ©.71315 to ©.71713, saving model to best_efficientnet_asl.

PI[OmEI[ 37mE[Om BI[1m@sE[Om 1s/step - accuracy: 0.0389 - loss: 3.

BI[OmBI[ 37mRI[Om B[1ml77sE[Om 2s/step - accuracy: 0.0655 - loss:

p[OmRI[37mE[Om B[1mOsBE[Om 1s/step - accuracy: 0.1395 - loss: 3.

B[OmBA[37mR[Om B[1ml159s@[Om 1s/step - accuracy: 0.1518 - loss:

EI[OmR[37mR[Om B[1m@sRE[Om 1ls/step - accuracy: 0.2218 - loss: 2.

EI[OmE[37mR[Om B[1m152s@[@m 1s/step - accuracy: 0.2346 - loss:

PI[OmBI[ 37mE[Om B[1mOsE[Om 1s/step - accuracy: 0.2747 - loss: 2.

PI[OmBI[ 37mEI[Om BI[1ml51sE[Om 1s/step - accuracy: 0.2926 - loss:

E[omR[37mR[Om BE[1m@sE[Om 1ls/step - accuracy: ©0.3327 - loss: 2

B[OmA[37mR[Om B[1ml59s@[@Om 1s/step - accuracy: 0.3401 - loss:

EI[OmR[37mR[Om B[1m@sRE[Om 1ls/step - accuracy: 0.3710 - loss: 2.

EI[OmR[37mR[Om B[1m152s@[Om 1s/step - accuracy: 0.3830 - loss:

PI[OmBI[ 37mE[Om B[1mOsE[Om 1s/step - accuracy: 0.4280 - loss: 2.

PI[OmBI[ 37mRI[Om BI[1ml47sE[Om 1s/step - accuracy: 0.4299 - loss:

E[OmR[37mR[Om B[1mOsBE[Om 1ls/step - accuracy: 0.4428 - loss: 1.

- loss:

loss:

1.

- loss:

loss:

1.

- loss:

loss:
keras

1.

- loss:

loss:

1.

- loss:

loss:
keras

1.

- loss:

loss:
keras

1

- loss:

loss:
keras

1

- loss:

loss:
keras

1.

- loss:

loss:

1.

- loss:

loss:

1.

- loss:

loss:
keras

1.

- loss:

loss:

1.

- loss:

loss:
keras

1.

- loss:

loss:
keras

1.

- loss:

loss:
keras

1.

- loss:

loss:
keras

Q.

- loss:

loss:
keras

0.

- loss:

loss:

Q.

- loss:

loss:
keras

Q.

- loss:

loss:

Q.

- loss:

loss:

Q.

- loss:

loss:
keras

Q.

6111

3.5067

2594

3.1943

9428

2.8889

7113

2.6409

.4667

2.4241

2746

2.2314

1101

2.0873

9520

1.9661

8202

1.7913

7268

1.7142

6833

1.6460

5840

1.5542

5434

1.4961

.4849

1.4283

.3933

1.3715

3335

1.3266

2456

1.2496

2165

1.2388

2049

1.1829

1089

1.1297

1033

1.1207

0798

1.0963

1057

1.0738

9929

1.0250

9819

1.0194

9998

0.9953

9758

0.9458

9344

0.9238

9455

0.9194

9476

Jupyter Notebook — generated with runcell

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

val_accuracy:

.1155

.2590

.3546

.4064

.4701

.4940

.5179

.5737

.5697

.5737

.5857

.5259

.5936

.5976

.6056

.6375

.6375

.6135

.6494

.6494

.6614

.6733

.6773

.6853

.7052

.6853

L7131

.6853

.6972

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

val_loss:

.2887

.9869

.7091

.4708

.2536

.0981

.9585

.8259

L7274

.6756

.5911

.5587

.4759

L4270

.3631

.3150

.3152

.2964

.2463

.1858

.1598

.1267

.1284

.0862

.0717

.0884

.0239

.0282

.0022

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

learning_rate:

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

.0000e-04

417



6/29/26, 10:00 PM

about:blank

In [23]:

In [24]:

In [25]:

In [26]:

In [27]:

Epoch 30: finished saving model to best_efficientnet_asl.keras
B[1m108/108R[Om E[32m
Restoring model weights from the end of the best epoch: 36.

# Step 18: Evaluate the Model on the Validation Set
# This step evaluates the model performance using the validation dataset.

val _loss, val_accuracy = model.evaluate(
validation_generator,
verbose=0

print(f"Validation Accuracy: {val_accuracy * 100:.2f}%")
print(f"Validation Loss: {val_loss:.4f}")

Validation Accuracy: 71.71%
Validation Loss: 0.9717

# Step 19: Evaluate the Model on the Test Set
# This step evaluates the final model performance using the test dataset.

test_loss, test_accuracy = model.evaluate(
test_generator,
verbose=0

print(f"Test Accuracy: {test_accuracy * 100:.2f}%")
print(f"Test Loss: {test_loss:.4f}")

Test Accuracy: 73.65%
Test Loss: 0.9495

# Step 20: Plot Training Performance
# This step plots the training and validation accuracy and loss curves.

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

plt.subplot(1, 2, 1)

plt.plot(history.history["accuracy"], label="Train Accuracy")
plt.plot(history.history["val _accuracy"], label="Validation Accuracy")
plt.title("EfficientNetB@ Accuracy")

plt.xlabel("Epochs")

plt.ylabel("Accuracy")

plt.legend()

plt.subplot(1, 2, 2)

plt.plot(history.history["loss"], label="Train Loss")
plt.plot(history.history["val_loss"], label="Validation Loss")
plt.title("EfficientNetBO Loss")

plt.xlabel("Epochs")

plt.ylabel("Loss")

plt.legend()

plt.tight_layout()
plt.show()

EfficientNetB0O Accuracy

—— Train Accuracy
0.7 Walidation Accuracy

0.6
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0.1 ~

Epochs
# Step 21: Generate Predictions on the Test Set
# This step generates predictions and calculates the overall test accuracy.
test_generator.reset()
predictions = model.predict(test_generator)

y_pred = np.argmax(predictions, axis=1)
y_true = test_generator.classes

print("Test Accuracy:", accuracy_score(y_true, y_pred))

B[1m34/34R[0m BE[32m
Test Accuracy: 0.7365491651205937

# Step 22: Generate the Classification Report

# This step displays the precision, recall, Fl-score, and accuracy for each class.

print("EfficientNetB@ Classification Report™)

print(
classification_report(
y_true,
y_pred,
target_names=CLASS_NAMES,
zero_division=0
)
)
EfficientNetBO Classification Report
precision recall fl-score support
0 1.00 0.33 0.50 15
1 1.00 0.67 0.80 15
2 0.80 0.53 0.64 15
3 0.75 1.00 0.86 15
4 0.71 0.80 0.75 15
5 1.00 0.60 0.75 15
6 0.60 0.20 0.30 15
7 0.37 0.47 0.41 15
8 0.38 1.00 0.55 15
9 0.65 0.87 0.74 15
a 0.83 1.00 0.91 15
b 1.00 1.00 1.00 15
C 1.00 1.00 1.00 15
d 0.70 0.47 0.56 15
e 0.54 1.00 0.70 15
f 1.00 1.00 1.00 15
g 1.00 0.87 0.93 15
h 0.88 1.00 0.94 15
i 0.35 1.00 0.52 15
j 1.00 0.80 0.89 15
k 1.00 0.53 0.70 15
1 1.00 0.80 0.89 15
m 0.52 0.73 0.61 15
n 0.62 0.53 0.57 15
o 0.60 1.00 0.75 15
p 1.00 1.00 1.00 15
q 1.00 1.00 1.00 15
r 1.00 0.33 0.50 15
s 1.00 0.60 0.75 15
t 0.82 0.64 0.72 14
u 0.92 0.80 0.86 15
v 0.57 0.27 0.36 15
w 1.00 0.20 0.33 15
X 0.93 0.87 0.90 15
y 0.83 1.00 0.91 15
z 1.00 0.60 0.75 15
accuracy 0.74 539
macro avg 0.82 0.74 0.73 539
weighted avg 0.82 0.74 0.73 539

F[OmR[37mR[Om E[1m44sB[Om 1ls/step

25

Loss
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In [28]:

In [29]:

In [30]:

In [31]:

In [32]:

# Step 23: Generate the Confusion Matrix
# This step visualizes the classification errors between the predicted and true labels.

cm = confusion_matrix(y_true, y_pred)
plt.figure(figsize=(16, 14))

sns.heatmap(
cm,
annot=False,
xticklabels=CLASS_NAMES,
yticklabels=CLASS_NAMES,
cmap="Blues",
fmt="d"

plt.title("EfficientNetB@ Confusion Matrix")
plt.xlabel("Predicted Label")
plt.ylabel("True Label")

plt.show()

EfficientNetB0O Confusion Matrix

True Label
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# Step 24: Save the Trained Model and Class Names to Google Drive

# This step saves the final EfficientNetB@ model and class labels for future use without retraining.

import os

SAVE_PATH = "/content/drive/MyDrive/ASL_EfficientNet_Project”
os.makedirs(SAVE_PATH, exist_ok=True)

model.save(os.path.join(SAVE_PATH, "final_efficientnet_asl_model.keras"))

with open(os.path.join(SAVE_PATH, "asl class_names.txt"), "w") as file:
for class_name in CLASS_NAMES:
file.write(class_name + "\n")

print("EfficientNetBO® model saved successfully.")
print("Class names saved successfully.")

EfficientNetBO model saved successfully.
Class names saved successfully.

# Step 26: Install Gradio
# This step installs Gradio to create a web interface for image prediction.

Ipip install gradio -q

# Step 27: Import Libraries for the Web Interface
# This step imports the required libraries for image prediction and the Gradio interface.

import gradio as gr
import numpy as np
import tensorflow as tf

from PIL import Image
import matplotlib.pyplot as plt

# Step 28: Load the Saved Model and Class Names from Google Drive
# This step loads the trained EfficientNetB@ model and class labels without retraining.

import os
import tensorflow as tf

LOAD_PATH = "/content/drive/MyDrive/ASL_EfficientNet_Project”

model = tf.keras.models.load_model(
os.path.join(LOAD_PATH, "final_efficientnet_asl_model.keras")

with open(os.path.join(LOAD_PATH, "asl class_names.txt"), "r") as file:
CLASS_NAMES = [line.strip() for line in file.readlines()]

print("EfficientNetBO model loaded successfully.")
print("Number of Classes:", len(CLASS_NAMES))
print("Class Names:", CLASS_NAMES)

EfficientNetB@ model loaded successfully.
Number of Classes: 36
class Names: [IelJ lll’ IZI, l3lJ I4IJ l5l, .6I, I7l) I8l’ l9l, laI, Ile lcl, ldl

Jupyter Notebook — generated with runcell
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In [33]:

In [34]:

# Step 30: Create the Prediction Function

# This step prepares the uploaded image and returns the predicted class with confidence.

IMG_SIZE =

224

def predict_asl(image):

if image is None:
return "No image uploaded"”

image
image

image_

image_array

a

Image.fromarray(image).convert("RGB")
image.resize((IMG_SIZE, IMG_SIZE))

rray = np.array(image)
np.expand_dims(image_array, axis=0)

prediction = model.predict(image_array)

predicted_index = np.argmax(prediction)
predicted_class = CLASS_NAMES[predicted_index]
confidence = np.max(prediction) * 100

result = f"Predicted Class: {predicted_class.upper()}\nConfidence: {confidence:.2f}%"

return result

# Step 31:

# This step creates the web interface for ASL image prediction.

Launch the Gradio Web Interface

interface = gr.Interface(
fn=predict_asl,

inputs=gr.Image(
type="numpy",
label="Upload ASL Image"

)>

outputs=gr.Textbox(
label="Prediction Result"

)s

title="ASL Recognition using EfficientNetBo",

description="Upload an ASL hand sign image to predict the corresponding class.",

live=False

interface.launch(share=True)

Colab notebook detected. To show errors in colab notebook, set debug=True in launch()
* Running on public URL: https://357da62032791dfdce.gradio.live

This share link expires in 1 week. For free permanent hosting and GPU upgrades, run “gradio deploy" from the terminal in the working directory to deploy to Hugging Face Spaces (https://huggingface.co/spaces)

Jupyter Notebook — generated with runcell
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In [1]:

In [2]:

In [3]:

In [4]:

In [5]:

In [6]:

In [7]:

# Step 1: Mount Google Drive

# This step connects Google Drive to access the dataset and save trained models.

from google.colab import drive

drive.mount('/content/drive")

Mounted at /content/drive

# Step 2: Install Required Libraries

# This step installs timm for the Swin Transformer model and Gradio for the web interface.

Ipip install timm gradio -q

# Step 3: Import Required Libraries

# This step imports all required libraries for data processing, training, evaluation, visualization, and the web interface.

import os

import shutil

import random

import numpy as np

import matplotlib.pyplot as plt

import torch
import timm
import gradio as gr

from torch import nn, optim
from torch.utils.data import Dataloader
from torchvision import datasets, transforms

from PIL import Image

from sklearn.model_selection import train_test_split
from sklearn.metrics import (

confusion_matrix,

classification_report,

accuracy_score

# Step 4: Set Device and Random Seed

# This step uses GPU if available and fixes randomness for more stable results.

SEED = 42

random.seed(SEED)
np.random.seed(SEED)
torch.manual_seed(SEED)
torch.cuda.manual_seed_all(SEED)

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

print("Device:", device)

Device: cuda

# Step 5: Define Dataset Path

# This step searches for the correct dataset folder inside Google Drive.

possible_paths = [
"/content/drive/MyDrive/ASL_Project/ASL_Dataset/asl_dataset",

ORIGINAL_DATASET_DIR = None

for path in possible_paths:
if os.path.isdir(path):
ORIGINAL_DATASET _DIR = path
break

if ORIGINAL_DATASET_DIR is None:
print("Dataset folder not found.")
print("Folders inside MyDrive:")
print(os.listdir("/content/drive/MyDrive"))
raise FileNotFoundError("Dataset path is not correct.")

print("Dataset Path:", ORIGINAL_DATASET DIR)
print("Folders:", os.listdir(ORIGINAL_DATASET_DIR))

Dataset Path: /content/drive/MyDrive/ASL_Project/ASL_Dataset/asl_dataset

FOlder‘S: [IXI, IZI, Iy', lt', 'VI, Iq‘, |m|’ 'SI, |p|, IW‘,

# Step 6: Define Class Labels

# This step defines the valid letters and digits used for ASL classification.

VALID CLASSES = [
'e¢','2','2','3','4','5','6','7','8"','9",
‘a','b','c','d', e, F, g, tht T, g,
'k','l','m"'n','o"'p','q"'r-','s','t',
‘u','v,'w, 'xt, ty ", Tz

print("Number of Classes:", len(VALID_CLASSES))
print("Classes:", VALID_CLASSES)

Number of Classes: 36
Classes: [lel, I1I, I2l) l3l, I4I, I5I, I6l) l7l, .8I, I9lJ

# Step 7: Create Dataset Split Directories

# This step creates fresh train, validation, and test folders for the dataset split.

SPLIT_DATASET_DIR = "/content/drive/MyDrive/ASL_Split_Dataset_Swin"
train_dir = os.path.join(SPLIT_DATASET_DIR, "train")

validation_dir = os.path.join(SPLIT_DATASET_DIR, "validation")
test_dir = os.path.join(SPLIT_DATASET_DIR, "test")

if os.path.exists(SPLIT_DATASET_DIR):
shutil.rmtree(SPLIT_DATASET_DIR)

os.makedirs(train_dir, exist_ok=True)
os.makedirs(validation_dir, exist_ok=True)

os.makedirs(test_dir, exist_ok=True)

print("Split folders created successfully.")

Split folders created successfully.
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In [8]:

# Step 8: Split the Dataset

# This step splits the dataset into training, validation, and testing sets.

train_ratio = 0.70
validation_ratio = 0.10
test_ratio = 0.20

def

def

find_class_folder(dataset_dir, class_name):

possible _names = [class_name, class_name.upper(), class_name.lower()]

for name in possible_names:
path = os.path.join(dataset_dir, name)
if os.path.isdir(path):
return path

return None

split_and_copy_files(class_dir, class_name):

all images = []

for root, dirs, files in os.walk(class_dir):
for file in files:

if file.lower().endswith((".jpg", ".jpeg", ".png", ".bmp", ".webp")):

all_images.append(os.path.join(root, file))

if len(all_images) < 3:
print(f"Not enough images in class: {class_name}")
return 0, 0, O

train_images, temp_images = train_test_split(
all_images,
test_size=0.30,
random_state=SEED,
shuffle=True

validation_images, test_images = train_test_split(
temp_images,
test_size=2/3,
random_state=SEED,
shuffle=True

split_data = {
"train": train_images,
"validation": validation_images,
"test": test_images

for split_name, images in split_data.items():
target_dir = os.path.join(
SPLIT_DATASET_DIR,
split_name,
class_name

os.makedirs(target_dir, exist_ok=True)

for img_path in images:
shutil.copy2(img_path, target_dir)

return len(train_images), len(validation_images), len(test_images)

total_train = ©
total_validation = ©
total_test = 0

for

class_name in VALID_CLASSES:

class_dir = find_class_folder(
ORIGINAL_DATASET_DIR,
class_name

if class_dir is None:
print("Missing class folder:", class_name)
continue

train_count, validation_count, test_count = split_and_copy_files(
class_dir,
class_name

total _train += train_count
total_validation += validation_count
total_test += test_count

print(
f"{class_name}: "
f"Train={train_count}, "
f"Validation={validation_count}, "
f"Test={test_count}"

print("\nFinal Split:")

print("Training Images:", total_train)
print("validation Images:", total_validation)
print("Testing Images:", total_test)

: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=15
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=45, Validation=6, Test=14
: Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14
: Train=49, Validation=7, Test=14

N X = < c +#wn 30 T O >S5 3 H AW H O - M®A N O VW O OLONOOUUIDMAWNDNNROO

Final Split:

Training Images: 1760
Validation Images: 251
Testing Images: 505
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In [11]:

In [12]:

In [13]:

In [14]:

about:blank

# Step 9: Define Training Parameters and Save Paths

# This step defines image size, batch size, epochs, learning rate, and Google Drive save paths.

IMG_SIZE = 224
BATCH_SIZE = 16

EPOCHS = 30
LEARNING_RATE = 0.0001

MODEL_DIR = "/content/drive/MyDrive/ASL_Transformer_Project"”
os.makedirs(MODEL_DIR, exist_ok=True)

BEST_MODEL_PATH = os.path.join(MODEL_DIR, "best_swin_asl_model.pth")
FINAL_MODEL_PATH = os.path.join(MODEL_DIR, "final swin_asl model.pth")
CLASS_NAMES_PATH = os.path.join(MODEL_DIR, "swin_class_names.txt")
CONFUSION_MATRIX_PATH = os.path.join(MODEL_DIR, "swin_confusion_matrix.png")

print("Image Size:", IMG_SIZE)
print("Batch Size:", BATCH_SIZE)
print("Epochs:", EPOCHS)
print("Learning Rate:", LEARNING_RATE)
print("Model Save Folder:", MODEL_DIR)

Image Size: 224

Batch Size: 16

Epochs: 30

Learning Rate: 0.0001

Model Save Folder: /content/drive/MyDrive/ASL_Transformer_Project

# Step 10: Create Image Transformations

# This step prepares image transformations for training, validation, and testing.

train_transform = transforms.Compose([

transforms.Resize((IMG_SIZE, IMG_SIZE)),
transforms.RandomRotation(15),
transforms.RandomHorizontalFlip(p=0.2),
transforms.ColorJlitter(

brightness=0.2,

contrast=0.2
)>
transforms.ToTensor(),
transforms.Normalize(

mean=[0.485, 0.456, 0.406],

std=[0.229, 0.224, 0.225]

D

val_test_transform = transforms.Compose([
transforms.Resize((IMG_SIZE, IMG_SIZE)),
transforms.ToTensor(),
transforms.Normalize(
mean=[0.485, 0.456, 0.406],
std=[0.229, 0.224, 0.225]

D

# Step 11: Load the Dataset

# This step loads the training, validation, and testing datasets using ImageFolder.

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

validation_dataset = datasets.ImageFolder(
root=validation_dir,
transform=val_test_transform

test_dataset = datasets.ImageFolder(
root=test_dir,
transform=val_test_transform

CLASS_NAMES
NUM_CLASSES

train_dataset.classes
len(CLASS_NAMES)

print("Class Names:", CLASS_NAMES)

print("Number of Classes:", NUM_CLASSES)
print("Train Images:", len(train_dataset))
print("Validation Images:", len(validation_dataset))
print("Test Images:", len(test_dataset))

Class Names: ['@0"', '1', '2', '3', '4', '5', '6', '7', '8', '9', 'a', 'b",
Number of Classes: 36

Train Images: 1760

Validation Images: 251

Test Images: 505

# Step 12: Create Data Loaders
# This step creates DatalLoaders for training, validation, and testing.

train_loader = DatalLoader(
train_dataset,
batch_size=BATCH_SIZE,
shuffle=True,
num_workers=2

validation_loader = DatalLoader(
validation_dataset,
batch_size=BATCH_SIZE,
shuffle=False,
num_workers=2

test_loader = DatalLoader(
test_dataset,
batch_size=BATCH_SIZE,
shuffle=False,
num_workers=2

print("Train Batches:", len(train_loader))
print("Validation Batches:", len(validation_loader))
print("Test Batches:", len(test_loader))

Train Batches: 110
Validation Batches: 16
Test Batches: 32

# Step 13: Build the Swin Transformer Model

# This step loads the pre-trained Swin Transformer model and updates the output layer.

model = timm.create_model(
"swin_tiny_ patch4_window7_224",
pretrained=True,
num_classes=NUM_CLASSES

model = model.to(device)

print("Swin Transformer model created successfully.")

/usr/local/lib/python3.12/dist-packages/huggingface_hub/utils/_auth.py:124: UserWarning:

The secret "HF_TOKEN" does not exist in your Colab secrets.

To authenticate with the Hugging Face Hub, create a token in your settings tab (https://huggingface.co/settings/tokens), set it as secret in your Google Colab and restart your session.

You will be able to reuse this secret in all of your notebooks.

Please note that authentication is recommended but still optional to access public models or datasets.

warnings.warn(

model.safetensors:  0%| | ©.00/114M [00:00<?, ?B/s]

Swin Transformer model created successfully.

# Step 14: Configure the Training Setup
# This step defines the loss function and optimizer used for training.

criterion = nn.CrossEntropyLoss()

optimizer = optim.Adami(
model.parameters(),
1r=LEARNING_RATE,
weight_decay=0.01
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In [15]:

In [16]:

# Step 15: Create the Training Function
# This step trains the Swin Transformer model for one epoch and calculates the training loss and accuracy.

def train_one_epoch(model, loader, criterion, optimizer, device):
model.train()
running_loss = 0.0
correct = 0

total = 0

for images, labels in loader:

images
labels

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

optimizer.zero_grad()

outputs = model(images)

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

optimizer.step()

running_loss += loss.item() * images.size(®)
_, predicted = torch.max(outputs, 1)

total += labels.size(9)
correct += (predicted == labels).sum().item()

epoch_loss = running_loss / total
epoch_accuracy = correct / total

return epoch_loss, epoch_accuracy

# Step 16: Create the Evaluation Function
# This step evaluates the model on the validation or test dataset without updating the model weights.

def evaluate_model(model, loader, criterion, device):
model.eval()
running_loss = 0.0
correct = 0

total = @

all_labels = []
all predictions = []

with torch.no_grad():

for images, labels in loader:

images
labels

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

outputs = model(images)

loss = criterion(outputs, labels)

running loss += loss.item() * images.size(®)
_, predicted = torch.max(outputs, 1)

total += labels.size(0)
correct += (predicted == labels).sum().item()

all labels.extend(labels.cpu().numpy())
all predictions.extend(predicted.cpu().numpy())

epoch_loss = running_loss / total
epoch_accuracy = correct / total

return epoch_loss, epoch_accuracy, all labels, all predictions
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In [17]:

# Step 17: Train the Swin Transformer Model

# This step trains the model, monitors validation performance, and saves the best model.

best_val_accuracy

train_losses = []
validation_losses

train_accuracies =

Q.

(]

[]

validation_accuracies

0

[]

for epoch in range(EPOCHS):

train_loss, train_accuracy = train_one_epoch(

model,

train_loader,

criterion,
optimizer,
device

validation_loss, validation_accuracy,

model,

validation_loader,

criterion,
device

train_losses.append(train_loss)
validation_losses.append(validation_loss)

train_accuracies.append(train_accuracy)

validation_accuracies.append(validation_accuracy)

print(f"Epoch [{epoch + 1}/{EPOCHS}]")

print(f"Train Loss: {train_loss:.4f} | Train Accuracy: {train_accuracy * 100:.2f}%")
print(f"validation Loss: {validation_loss:.4f} | Validation Accuracy: {validation_accuracy * 100:.2f}%")

- -

if validation_accuracy > best_val_accuracy:
best_val_accuracy = validation_accuracy
torch.save(model.state_dict(), BEST_MODEL_PATH)
print("Best model saved.")

print("-" * 60)

print("Training finished.")

Epoch [1/30]
Train Loss:

1.9006

Validation Loss:

Best model saved.

Epoch [2/30]
Train Loss:

Validation Loss:

Best model saved.

Epoch [3/30]
Train Loss:

Validation Loss:

Epoch [4/30]
Train Loss:

Validation Loss:

Best model saved.

Epoch [5/30]
Train Loss:

Validation Loss:

Best model saved.

Epoch [6/30]
Train Loss:

Validation Loss:

Epoch [7/30]
Train Loss:

Validation Loss:

Epoch [8/30]
Train Loss:

Validation Loss:

Epoch [9/30]
Train Loss:

Validation Loss:

Best model saved.

Epoch [10/30]

Train Loss:

Validation Loss:

Best model saved.

Epoch [11/30]

Train Loss:

Validation Loss:

Best model saved.

Epoch [12/30]

Train Loss:

Validation Loss:

Epoch [13/30]

Train Loss:

Validation Loss:

Epoch [14/30]

Train Loss:

Validation Loss:

Epoch [15/30]

Train Loss:

Validation Loss:

Epoch [16/30]

Train Loss:

Validation Loss:

Epoch [17/30]

Train Loss:

Validation Loss:

Epoch [18/30]

Train Loss:

Validation Loss:

Best model saved.

Epoch [19/30]

Train Loss:

Validation Loss:

Epoch [20/30]

Train Loss:

Validation Loss:

Epoch [21/30]

Train Loss:

Validation Loss:

Epoch [22/30]

Train Loss:

Validation Loss:

Epoch [23/30]

Train Loss:

Validation Loss:

Best model saved.

Epoch [24/30]

Train Loss:

Validation Loss:

Epoch [25/30]

Train Loss:

Validation Loss:

Epoch [26/30]

Train Loss:

Validation Loss:

Epoch [27/30]

Train Loss:

Validation Loss:

Epoch [28/30]

Train Loss:

Validation Loss:

Epoch [29/30]

Train Loss:

0

0.3829
0

0.2412
0.

0.1834
0.

0.1357
Q.

0.1256
0

0.1316
0

0.0831
0

0.0934
0.

0.0525
0

0.0415
0.

0.0587
0.

0.1113
0.

0.0583
(]

0.0529
0

0.0613
Q.

0.0577
Q.

0.0537
Q.

0.0774
0.

0.0740
0.

0.0397
0

0.0341
Q.

0.0311
Q.

0.0295
Q.

0.0409
Q.

0.0529
Q.

0.0277
0

0.0614
0

0.0310

| Train Accuracy:

.4615 | validation

| Train Accuracy:

.2419 | validation

| Train Accuracy:
2720 | Vvalidation

| Train Accuracy:
1431 | Vvalidation

| Train Accuracy:
1075 | Vvalidation

| Train Accuracy:

.1273 | validation

| Train Accuracy:

.1075 | validation

| Train Accuracy:

.1531 | Vvalidation

| Train Accuracy:
0987 | validation

| Train Accuracy:

.1191 | validation

| Train Accuracy:
0501 | Validation

| Train Accuracy:
0475 | validation

| Train Accuracy:
0557 | validation

| Train Accuracy:

.0553 | Validation

| Train Accuracy:

.0754 | validation

| Train Accuracy:
1520 | Vvalidation

| Train Accuracy:
1042 | validation

| Train Accuracy:
0345 | Validation

| Train Accuracy:
1265 | Vvalidation

| Train Accuracy:
1244 | validation

| Train Accuracy:

.1329 | validation

| Train Accuracy:
0754 | Validation

| Train Accuracy:
0275 | Validation

| Train Accuracy:
0599 | Validation

| Train Accuracy:
0670 | Validation

| Train Accuracy:
1430 | Vvalidation

| Train Accuracy:

.1286 | Vvalidation

| Train Accuracy:

.1360 | validation

| Train Accuracy:

47 .50%

Accuracy:

87.44%

Accuracy:

92.16%

Accuracy:

93.75%

Accuracy:

95.97%

Accuracy:

96.02%

Accuracy:

95.51%

Accuracy:

97.50%

Accuracy:

97.05%

Accuracy:

98.30%

Accuracy:

98.92%

Accuracy:

98.35%

Accuracy:

97.16%

Accuracy:

97.90%

Accuracy:

98.52%

Accuracy:

98.12%

Accuracy:

98.58%

Accuracy:

98.64%

Accuracy:

97.73%

Accuracy:

98.07%

Accuracy:

98.58%

Accuracy:

99.09%

Accuracy:

99.03%

Accuracy:

98.92%

Accuracy:

98.86%

Accuracy:

98.75%

Accuracy:

99.20%

Accuracy:

98.41%

Accuracy:

99.26%

= evaluate_model(
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In [19]:

In [20]:

In [21]:
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Validation Loss: ©.1457 | Validation Accuracy: 98.01%

Epoch [30/30]
Train Loss: ©.0383 | Train Accuracy: 98.86%
Validation Loss: ©.0650 | Validation Accuracy: 98.01%

Training finished.

# Step 18: Load the Best Saved Swin Transformer Model
# This step loads the best model weights saved during training.

model = timm.create_model(
"swin_tiny_ patch4_window7_224",
pretrained=False,
num_classes=NUM_CLASSES

model.load_state_dict(
torch.load(BEST_MODEL_PATH, map_location=device)

model = model.to(device)
model.eval()

print("Best Swin Transformer model loaded successfully.")

Best Swin Transformer model loaded successfully.

# Step 19: Evaluate the Swin Transformer Model
# This step evaluates the trained model on the test dataset.

test_loss, test_accuracy, true_labels, predicted_labels = evaluate_model(
model,
test_loader,
criterion,
device

print(f"Test Loss: {test_loss:.4f}")
print(f"Test Accuracy: {test_accuracy * 100:.2f}%")

Test Loss: 0.0255
Test Accuracy: 99.21%

# Step 20: Plot Accuracy Curves
# This step plots training and validation accuracy across epochs.

plt.

plt.
plt.

plt.
plt.
plt.

plt.
plt.

figure(figsize=(10, 6))

plot(train_accuracies, label="Train Accuracy")
plot(validation_accuracies, label="Validation Accuracy")

title("Swin Transformer Accuracy")
xlabel("Epochs™)
ylabel("Accuracy")

legend()
show()

Swin Transformer Accuracy

1.0

0.9

0.8 1

Accuracy

0.6 1

0.5 1

— Train Accuracy
- Validation Accuracy

Epochs

# Step 21: Plot Loss Curves
# This step plots training and validation loss across epochs.

plt.

plt.
plt.

plt.
plt.
plt.

plt.
plt.

figure(figsize=(10, 6))

plot(train_losses, label="Train Loss")
plot(validation_losses, label="Validation Loss")

title("Swin Transformer Loss")
xlabel("Epochs™)
ylabel("Loss")

legend()
show()

Swin Transformer Loss

25 30

175 1

1.50 ~

1.25 ~

1.00 ~

Loss

0.75 A

0.50 A

0.25

0.00 -

—— Train Loss
- Validation Loss
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In [22]:

# Step 22: Generate the Classification Report
# This step displays the precision, recall, Fl-score, and accuracy for each class.

print("Swin Transformer Classification Report")

print(

classification_report(

true_labels,

predicted_labels,

target_names=CLASS_NAMES,

zero_division=0

Swin Transformer Classification Report

N X £ < c 0 30T O 5 3 HAWUH MO -h®A N oV OOLONOUIDWNIREDOO

accuracy
macro avg
weighted avg

precision

SR RPRORRPRRRPRRRPRRRPRRRRPRRRPRPRPRRPRPRRPRRRRPRRRPRRPRRPRRRPRRRRRRLOO

()

.93
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.88
.00
.00
.93

.99
.99

recall f1-score

R R R PR RPRRRRRRORRRRRRPRRRRRRPRRRRRRRORRPLRRLOOR

.00
.93
.00
.00
.00
.00
.86
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.93
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00

.99
.99

R RPRORRPRRRPRRRRORRRRRPRRRPRRRRPRPRRPRPRRRPRLRRORRRRPROO®

(ORI

.97
.96
.00
.00
.00
.00
.92
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.96
.00
.00
.00
.00
.00
.00
.00
.93
.00
.00
.97

.99
.99
.99

support

14
14
14
14
14
14
14
14
14
14
15
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14
14

505
505
505
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In [23]: # Step 23: Generate the Confusion Matrix
# This step visualizes the classification results using a confusion matrix.

cm = confusion_matrix(true_labels, predicted_labels)
plt.figure(figsize=(18, 16))
plt.imshow(cm)

plt.title("Swin Transformer Confusion Matrix")
plt.xlabel("Predicted Label")
plt.ylabel("True Label")

plt.xticks(
ticks=np.arange(len(CLASS_NAMES)),
labels=CLASS_NAMES,
rotation=90

plt.yticks(
ticks=np.arange(len(CLASS_NAMES)),
labels=CLASS_NAMES

plt.colorbar()

for i in range(len(CLASS_NAMES)):
for j in range(len(CLASS_NAMES)):
plt.text(
s
i)
em[i, Jl,
ha="center",
va="center",
fontsize=7

plt.tight_layout()
plt.show()

Swin Transformer Confusion Matrix

- 14

- 12

True Label

o — ™ m =t g} o [ oo o)} o 0 ¥ = i b o = = — Y -
Predicted Label
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In [24]: # Step 24: Save the Confusion Matrix
# This step saves the confusion matrix image to Google Drive for reporting.

CONFUSION_MATRIX_PATH = os.path.join(
MODEL_DIR,
"swin_confusion_matrix.png"

plt.figure(figsize=(18, 16))
plt.imshow(cm)

plt.title("Swin Transformer Confusion Matrix")
plt.xlabel("Predicted Label")
plt.ylabel("True Label")

plt.xticks(
ticks=np.arange(len(CLASS_NAMES)),
labels=CLASS_NAMES,
rotation=90

plt.yticks(
ticks=np.arange(len(CLASS_NAMES)),
labels=CLASS_NAMES

plt.colorbar()

for i in range(len(CLASS_NAMES)):
for j in range(len(CLASS_NAMES)):
plt.text(
s
i,
em[i, 3],
ha="center",
va="center",
fontsize=7

plt.tight_layout()

plt.savefig(
CONFUSION_MATRIX_PATH,
dpi=300,
bbox_inches="tight"

plt.show()

print("Confusion Matrix saved at:", CONFUSION_MATRIX_PATH)

Swin Transformer Confusion Matrix

- 14

- 12

True Label

=] —~ ™ m = U w M= o o 1%} 0 [¥) = a = cn I L= — - - E = L] (=] o — wa o = = = e - Pl
Predicted Label

Confusion Matrix saved at: /content/drive/MyDrive/ASL_Transformer_Project/swin_confusion_matrix.png

In [25]: # Step 25: Save the Trained Model and Class Names
# This step saves the final Swin Transformer model and class labels to Google Drive.

torch.save(model.state_dict(), FINAL_MODEL_PATH)
with open(CLASS_NAMES_PATH, "w") as file:
for class_name in CLASS_NAMES:

file.write(class_name + "\n")

print("Final model saved at:", FINAL_MODEL_PATH)
print("Class names saved at:", CLASS_NAMES_PATH)

Final model saved at: /content/drive/MyDrive/ASL_Transformer_Project/final_swin_asl_model.pth
Class names saved at: /content/drive/MyDrive/ASL_Transformer_Project/swin_class_names.txt
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In [26]:

In [27]:

In [28]:

# Step 26: Load the Saved Swin Transformer Model

# This step loads the saved model and class names from Google Drive without retraining.

model = timm.create_model(
"swin_tiny_patch4_window7_224",
pretrained=False,
num_classes=NUM_CLASSES

model.load_state_dict(
torch.load(FINAL_MODEL_PATH, map_location=device)

model = model.to(device)
model.eval()

with open(CLASS_NAMES_PATH, "r") as file:
CLASS_NAMES = [line.strip() for line in file.readlines()]

print("Swin Transformer model loaded successfully.")
print("Number of Classes:", len(CLASS_NAMES))
print("Class Names:", CLASS_NAMES)

Swin Transformer model loaded successfully.
Number of Classes: 36
Class Names: ['0', '1', '2', '3"', '4', '5', '6', '7',

# Step 27: Create the Prediction Function

Jupyter Notebook — generated with runcell

el’ l'F', lg, Ihl, li', 'j', 'kIJ |1|, |m|’ |n|, |0|, |p|’ |q|’ |r‘, Sl, lt', 'U',

# This step prepares an uploaded image and predicts the ASL class using the saved Swin Transformer model.

def predict_asl_swin(image):

if image is None:
return "Please upload an image."

model.eval()

img = Image.fromarray(image).convert("RGB")

img_tensor = val_test_transform(img).unsqueeze(0).to(device)

with torch.no_grad():
outputs = model(img_tensor)
probabilities = torch.softmax(outputs, dim=1)

confidence, predicted_index = torch.max(probabilities, 1)

predicted_class = CLASS_NAMES[predicted_index.item()]
confidence_value = confidence.item() * 100

return f"Predicted Class: {predicted_class.upper()}\nConfidence: {confidence_value:.2f}%"

# Step 28: Launch the Gradio Web Interface

# This step creates a web interface for ASL image prediction using the Swin Transformer model.

app = gr.Interface(
fn=predict_asl_swin,

inputs=gr.Image(
type="numpy",
label="Upload ASL Image"
)

outputs=gr.Textbox(
label="Prediction Result"”

)s

title="ASL Recognition using Swin Transformer",

description="Upload an ASL hand sign image and the Swin Transformer model will predict the corresponding class.",

live=False

app.launch(share=True)

Colab notebook detected. To show errors in colab notebook, set debug=True in launch()
* Running on public URL: https://9ad4a8431ce3a8acl29.gradio.live

This share link expires in 1 week. For free permanent hosting and GPU upgrades, run “gradio deploy" from the terminal in the working directory to deploy to Hugging Face Spaces (https://huggingface.co/spaces)

ASL Recognition using Swin Transformer

Upload an ASL hand sign image and the Swin Transformer model will predict the corresponding class.

“ Upload ASL Image Prediction Result

T

)

Drop Image Here Flag

- Or -
Click to Upload

>

Clear

Usevia APl &¥ - Built with Gradio © - Settings %%

o

Exported with runcell — convert notebooks to HTML or PDF anytime at runcell.dev.
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In [1]:

In [2]:

In [3]:

In [4]:

# Step 1: Mount Google Drive
# This step connects Google Drive to access the saved models and datasets.

from google.colab import drive

drive.mount('/content/drive")

Mounted at /content/drive

# Step 2: Install and Import Required Libraries

# This step installs timm and imports all libraries required for the final model comparison.

Ipip install -q timm

import os

import time

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import tensorflow as tf
import torch
import timm

from torchvision import datasets, transforms
from torch.utils.data import Dataloader

from sklearn.metrics import (
accuracy_score,
precision_score,
recall_score,
f1_score,
classification_report,
confusion_matrix

from tensorflow.keras.preprocessing.image import ImageDataGenerator

from tensorflow.keras.applications.resnet50 import preprocess_input as resnet_preprocess
from tensorflow.keras.applications.mobilenet_v2 import preprocess_input as mobilenet_preprocess

print("Libraries imported successfully.")

Libraries imported successfully.

# Step 3: Define Model and Dataset Paths

# This step defines the saved model paths and the correct test dataset path for each model.

# Test dataset paths
RESNET_TEST_PATH = "/content/drive/MyDrive/ASL_Split_Dataset_ResNet/test"

MOBILENET_TEST_PATH = "/content/drive/MyDrive/ASL_Split_Dataset_MobileNet/test"
EFFICIENTNET_TEST_PATH = "/content/drive/MyDrive/ASL_Split_Dataset_EfficientNet/test"

SWIN_TEST_PATH = "/content/drive/MyDrive/ASL_Split_ Dataset_Swin/test"

# TensorFlow model paths

RESNET_MODEL_PATH = "/content/drive/MyDrive/ASL_Project/final_resnet50_asl model.keras"
MOBILENET_MODEL_PATH = "/content/drive/MyDrive/ASL_MobileNet_Project/final_mobilenetv2_asl model.keras"
EFFICIENTNET_MODEL_PATH = "/content/drive/MyDrive/ASL_EfficientNet_Project/final_efficientnet_asl _model.keras”

# Swin Transformer model paths

SWIN_MODEL_PATH = "/content/drive/MyDrive/ASL_Transformer_Project/final_swin_asl_model.pth"
SWIN_CLASS_NAMES_PATH = "/content/drive/MyDrive/ASL_Transformer_Project/swin_class_names.txt"

print("All paths are ready.")

All paths are ready.

# Step 4: Load All Saved Models
# This step loads the three TensorFlow models and the Swin Transformer model.

# Load TensorFlow models

resnet_model = tf.keras.models.load_model(RESNET_MODEL_PATH)
mobilenet_model = tf.keras.models.load_model(MOBILENET_MODEL_PATH)
efficientnet_model = tf.keras.models.load_model (EFFICIENTNET_MODEL_PATH)

print("TensorFlow models loaded successfully.")

# Load Swin Transformer class names
with open(SWIN_CLASS_NAMES_PATH, "r") as file:
SWIN_CLASS_NAMES = [line.strip() for line in file.readlines()]

NUM_CLASSES = len(SWIN_CLASS_NAMES)

# Load Swin Transformer model

swin_model = timm.create_model(
"swin_tiny_ patch4_window7_224",
pretrained=False,
num_classes=NUM_CLASSES

swin_model.load_state dict(
torch.load(SWIN_MODEL_PATH, map_location="cpu")

swin_model.eval()

print("Swin Transformer model loaded successfully.")
print("All models loaded successfully.")

TensorFlow models loaded successfully.
Swin Transformer model loaded successfully.
All models loaded successfully.

Jupyter Notebook — generated with runcell

117



6/30/26, 9:44 PM

about:blank

In [5]:

In [6]:

In [7]:

Jupyter Notebook — generated with runcell

# Step 5: Create Test Data Generators
# This step creates the correct test data generator for each TensorFlow model.

IMG_SIZE = 224
BATCH_SIZE = 16

# ResNet50 Test Generator
resnet_test_generator = ImageDataGenerator(
preprocessing function=resnet_preprocess
).flow_from_directory(
RESNET_TEST_PATH,
target_size=(IMG_SIZE, IMG_SIZE),
classes=[
'e','1','2",'3','4','5','6"','7"','8','9",
'a','b','c','d", e, Y, g, h, T, g,
'k','1','m','n", 0", 'pt,'qt, e, s, T,
'ul)lv')lw J'X')Iy')'zl
])
batch_size=BATCH_SIZE,
class_mode="categorical”,
shuffle=False

# MobileNetV2 Test Generator
mobilenet_test_generator = ImageDataGenerator(
preprocessing_function=mobilenet_preprocess
).flow_from_directory(
MOBILENET_TEST_PATH,
target_size=(IMG_SIZE, IMG_SIZE),
classes=[
'@I)Il'lelJ'3IJI4'J'5I)'6'Jl7l)'8I)I9'J
'a','b','c','d", e, ", 'g",'h, T, g,
'k','1','m','n", 0", 'pt, g, ', s, T,
u','v','wh, ',y !
1,
batch_size=BATCH_SIZE,
class_mode="categorical”,
shuffle=False

# EfficientNet Test Generator
efficientnet_test_generator = ImageDataGenerator().flow_from_directory(
EFFICIENTNET_TEST_PATH,
target_size=(IMG_SIZE, IMG_SIZE),
classes=[
'e','1"'2','3')'4','5','6"'7','8','9"
'a','b')'c')'d','e')'f')'g'}'h')'i','j')
'k','l'J'm','n','O')'p','q')'r\"'sl,'t'J
ut, vt twt, T, y !, 2t
1,
batch_size=BATCH_SIZE,
class_mode="categorical”,
shuffle=False

print("All TensorFlow test generators are ready.")

Found 505 images belonging to 36 classes.
Found 505 images belonging to 36 classes.
Found 539 images belonging to 36 classes.
All TensorFlow test generators are ready.

# Step 6: Create Swin Transformer Test Dataloader
# This step creates the correct PyTorch DatalLoader for the Swin Transformer model.

swin_transform = transforms.Compose([
transforms.Resize((IMG_SIZE, IMG_SIZE)),
transforms.ToTensor(),
transforms.Normalize(
mean=[0.485, 0.456, 0.406],
std=[0.229, 0.224, 0.225]

D

swin_test_dataset = datasets.ImageFolder(
root=SWIN_TEST_PATH,
transform=swin_transform

swin_test_loader = DatalLoader(
swin_test_dataset,
batch_size=BATCH_SIZE,
shuffle=False

print("Swin Transformer test DatalLoader is ready.")
print("Swin Test Images:", len(swin_test_dataset))
print("Swin Classes:", swin_test_dataset.classes)

Swin Transformer test Dataloader is ready.
Swin Test Images: 505

Swin Classes: ['0', '1', '2', '3', '4', '5', '6', '7', '8', '9', 'a', 'b', 'c', 'd', 'e', ‘f', 'g', 'h', 'i‘, ';3', 'k', '1', '‘m', ‘n', ‘o', 'p', 'q', 'r', 's', ‘t', ‘u', 'v', 'w', 'x', 'y', 'z']
# Step 7: Define Evaluation Function for TensorFlow Models
# This step evaluates TensorFlow models using accuracy, precision, recall, Fl-score, and inference time.
def evaluate_tensorflow_model(model, test_generator, model_name):
test_generator.reset()
start_time = time.time()
predictions = model.predict(

test_generator,
verbose=0

inference_time = time.time() - start_time

y_pred
y_true

np.argmax(predictions, axis=1)
test_generator.classes

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",
zero_division=0

)

f1 = f1_score(
y_true,
y_pred,

average="weighted",
zero_division=0

return {
"Model": model _name,
"Test Images": test_generator.n,
"Accuracy": accuracy,
"Precision”: precision,
"Recall": recall,
"F1-Score": f1,
"Inference Time (s)": inference_time
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In [8]:

In [9]:

In [10]:

# Step 8: Define Evaluation Function for Swin Transformer

# This step evaluates the Swin Transformer model using accuracy, precision, recall, Fl-score, and inference time.

def evaluate_swin_model(model, test_loader, model_name):

model.eval()

all predictions = []
all labels [1]

start_time = time.time()

with torch.no_grad():

for images, labels in test_loader:

outputs = model(images)

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

all predictions.extend(predicted.numpy())
all labels.extend(labels.numpy())

inference_time = time.time() - start_time

accuracy = accuracy_score(all _labels, all predictions)

precision = precision_score(

all labels,

all predictions,
average="weighted",
zero_division=0

recall = recall_score(
all labels,
all predictions,
average="weighted",
zero_division=0

f1 = f1_score(
all labels,
all predictions,
average="weighted",
zero_division=0

return {
"Model": model_name,

"Test Images": len(all_labels),

"Accuracy": accuracy,

"Precision": precision,

"Recall"”: recall,
"F1-Score": f1,

"Inference Time (s)": inference_time

# Step 9: Run Final Model Comparison

# This step evaluates all four models using their correct test datasets and preprocessing methods.

results = []

results.append(

evaluate_tensorflow_model(

resnet_model,

resnet_test_generator,

"ResNet50"

results.append(

evaluate_tensorflow_model(

mobilenet_model,

mobilenet_test_generator,

"MobileNetVv2"

results.append(

evaluate_tensorflow_model(

efficientnet_model,

efficientnet_test_generator,

"EfficientNetBo"

results.append(
evaluate_swin_model(
swin_model,
swin_test_loader,
"Swin Transformer"

comparison_df = pd.DataFrame(results)

comparison_df = comparison_df.sort_values(

by="Accuracy",
ascending=False
).reset_index(drop=True)

comparison_df

out[9]: Model

0  Swin Transformer
1 MobileNetV?2
2 ResNet50

3 EfficientNetBO

Test Images
505
505
505

539

# Step 10: Save Comparison Results

# This step saves the comparison table as CSV and Excel files.

comparison_df.to_csv(

"/content/drive/MyDrive/ASL_Model_Comparison_Results.csv",

index=False

comparison_df.to_excel(

"/content/drive/MyDrive/ASL_Model Comparison_Results.xlsx",

index=False

Accuracy
0.992079
0.879208
0.873267

0.736549

print("Comparison results saved successfully.")

Comparison results saved successfully.

Precision

0.992838

0.890759

0.888986

0.815643

Recall

0.992079

0.879208

0.873267

0.736549

F1-Score

0.992054

0.877554

0.873152

0.731494

Inference Time (s)
275.576531
143.833358
208.556154

166.182902

Jupyter Notebook — generated with runcell
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In [11]:

In [12]:

#S

# This step visualizes the test accuracy comparison among all models.

plt

plt.

plt.
plt.
plt.
plt.

for

plt

plt.

# Step 12: Plot Precision, Recall, and F1l-Score Comparison

tep 11: Plot Accuracy Comparison

.figure(figsize=(10, 6))

bar(
comparison_df["Model"],
comparison_df["Accuracy"] * 100

title("Model Accuracy Comparison™)
xlabel("Model")

ylabel("Accuracy (%)")

ylim(o, 100)

index, value in enumerate(comparison_df["Accuracy"] * 100):
plt.text(

index,

value + 1,

f"{value:.2f}%",
ha="center"

.tight_layout()
show()

100 99.21%

Model Accuracy Comparison

Jupyter Notebook — generated with runcell

80 +

60

Accuracy (%)

20 1

swin Transformer

87.92%

MobileNetv?2

# This step compares the main evaluation metrics across all models.

metrics = ["Precision”, "Recall"”, "F1l-Score"]

comparison_df.plot(

plt.
plt.
plt.
plt.

plt.
plt.
plt.

x="Model",
y=metrics,
kind="bar",
figsize=(12, 6)

title("Precision, Recall, and F1-Score Comparison")
xlabel("Model™)

ylabel("Score")

ylim(e, 1)

legend(title="Metrics")
tight_layout()

87.33%

ResMets0

73.65%

EfficientMNetB0O

show()
Precision, Recall, and F1-Score Comparison
1.0
Metrics
B Precision
BN Recall
0.8 B Fl-Score
0.6 -
v
=]
A
0.4 1
0.2 1
0.0 -

sSwin Transformer

MobileNetV2

Model

Reshet50

EfficientNetB0
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In [13]:

In [14]:

# Step 13: Plot Inference Time Comparison

# This step compares the inference time of all models.

plt.figure(figsize=(10, 6))

plt.bar(
comparison_df["Model"],

comparison_df["Inference Time (s)"]

plt.title("Inference Time Comparison™)

plt.xlabel("Model")
plt.ylabel("Inference Time (S

econds)")

for index, value in enumerate(comparison_df["Inference Time (s)"]):

plt.text(
index,
value + 0.05,
f"{value:.2f}",
ha="center"

plt.tight_layout()
plt.show()

Jupyter Notebook — generated with runcell

Inference Time Comparison

250

200 +

150 +

100 ~

Inference Time {Seconds)

swin Transformer

# Step 14: Select the Best Performing Model

# This step identifies the best model based on test accuracy.

best_model = comparison_df.iloc[0]

print("=" * 60)
print("FINAL MODEL COMPARISON
print("=" * 60)

print(f"Best Model
print(f"Test Accuracy
print(f"Precision
print(f"Recall
print(f"F1-Score
print(f"Inference Time

print("=" * 60)
print("Ranking of Models")
print("=" * 60)

display(comparison_df)

SUMMARY")

MobileNetv2

. {best_model[ 'Model']}")
: {best_model[ 'Accuracy']*100:.2f}%")

: {best_model['Precision']:.4f}")

: {best_model[ 'Recall']:.4f}")

: {best_model['F1-Score']:.4f}")

ResNets0 EfficientNetB0

Model

: {best_model['Inference Time (s)']:.2f} seconds")

Best Model
Test Accuracy
Precision
Recall
F1-Score
Inference Time

: Swin Transformer
1 99.21%
: 0.9928
: 0.9921
: 0.9921
: 275.58 seconds

Model

0 Swin Transformer

1 MobileNetV?2

2 ResNet50

3  EfficientNetBO

Test Images
505
505
505

539

Accuracy
0.992079
0.879208
0.873267

0.736549

Precision

0.992838

0.890759

0.888986

0.815643

Recall

0.992079

0.879208

0.873267

0.736549

F1-Score

0.992054

0.877554

0.873152

0.731494

Inference Time (s)
275.576531
143.833358
208.556154

166.182902
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In [15]:

# Step 15: Save Figures

# This step saves all generated figures as high-quality PNG images.

# Accuracy Comparison
plt.figure(figsize=(10,6))
plt.
plt.
plt.
plt.

plt.

for

plt.
plt.

)

plt.

bar(comparison_df["Model"], comparison_df["Accuracy"] * 100)
title("Model Accuracy Comparison™)

xlabel("Model")

ylabel("Accuracy (%)")
ylim(@,100)

i, value in enumerate(comparison_df["Accuracy"] * 100):

plt.text(i, value + 1, f"{value:.2f}%", ha="center")

tight_layout()

savefig(

"/content/drive/MyDrive/Accuracy_Comparison.png",

dpi=300,

bbox_inches="tight"

show()

# Precision / Recall / F1

comparison_df.plot(

plt.
plt.

plt

plt.
plt.

)

plt.

x="Model",

y=["Precision

kind="bar",

figsize=(12,6)

Recall”,"F1-Score"],

title("Evaluation Metrics Comparison™)

ylabel("Score")
.ylim(e,1)

tight_layout()

savefig(

"/content/drive/MyDrive/Metrics_Comparison.png",

dpi=300,

bbox_inches="tight"

show()

# Inference Time
plt.figure(figsize=(10,6))

plt.

plt.
plt.
plt.
plt.

plt.

plt.

bar(

comparison_df["Model"],
comparison_df["Inference Time (s)"]

title("Inference Time Comparison")

xlabel("Model")

ylabel("Time (Seconds)")

tight_layout()

savefig(
"/content/drive/MyDrive/Inference_Time_Comparison.png",
dpi=300,

bbox_inches="tight"

show()

print("All figures saved successfully.")

Accuracy (%)

Score

Time ({Seconds)

100

99.21%

Model Accuracy Comparison

Jupyter Notebook — generated with runcell

80 4

60

20 4

1.0

swin Transformer

87.92% 87.33%

MohileNetv2 ResNet50 EfficientNetB0

Model

Evaluation Metrics Comparison

73.65%

0.8

0.6

0.4

0.2

0.0

sSwin Transformer

MohileMNetW2
ResMNet50

Model

Inference Time Comparison

B Precision
s Recall
B Fl-Score

EfficientNetB0

250 -

200

150

100 ~

swin Transformer

MobileNetv?2 ResMet50 EfficientMNetB0O

Model
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In [16]:

All figures saved successfully.

# Step 16: Final Comparison Summary
# This step prints a final academic summary of the model comparison.

print("=" * 80)

print("ASL SIGN LANGUAGE RECOGNITION - FINAL MODEL COMPARISON")

print("=" * 80)

print("\nComparison Results:")

display(comparison_df)

best_model = comparison_df.iloc[0@]

print("\n" + "=" * 80)

print("BEST PERFORMING MODEL")

print("=" * 80)

print(f"Model Name
print(f"Accuracy
print(f"Precision

: {best_model[ 'Model']}")
: {best_model[ 'Accuracy']*100:.2f}%")
: {best_model['Precision']:.4f}")

print(f"Recall : {best_model['Recall']:.4f}")

print(f"F1-Score

: {best_model['F1-Score']:.4f}")

print(f"Inference Time : {best_model['Inference Time (s)']:.2f} seconds™)

print("\nConclusion:")
print(

f"The experimental comparison demonstrates that the
f"{best_model[ 'Model']} achieved the highest classification performance
f"among all evaluated deep learning models.

f"With a test accuracy of {best_model['Accuracy']*100:.2f}%, "
f"it outperformed ResNet50, MobileNetV2, and EfficientNetBo, "

f"making it the most suitable model for the proposed ASL recognition system.”

print("=" * 80)

print("Comparison Completed Successfully.")

print("=" * 80)

Comparison Results:

Accuracy
0.992079
0.879208
0.873267

0.736549

Precision

0.992838

0.890759

0.888986

0.815643

Recall

0.992079

0.879208

0.873267

0.736549

F1-Score

0.992054

0.877554

0.873152

0.731494

Inference Time (s)
275.576531
143.833358
208.556154

166.182902

Model Test Images

0 Swin Transformer 505

1 MobileNetV?2 505

2 ResNet50 505

3  EfficientNetBO 539
BEST PERFORMING MODEL
Model Name : Swin Transformer
Accuracy : 99.21%
Precision 1 9.9928
Recall : 0.9921
F1-Score : 9.9921
Inference Time : 275.58 seconds

Conclusion:

The experimental comparison demonstrates that the Swin Transformer achieved the highest classification performance among all evaluated deep learning models. With a test accuracy of 99.21%, it outperformed ResNet50, MobileNetV2, and EfficientNetBO, making it the most
suitable model for the proposed ASL recognition system.

Jupyter Notebook — generated with runcell

Exported with runcell — convert notebooks to HTML or PDF anytime at runcell.dev.

77


http://www.tcpdf.org

