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CNN Emotional Dataset Tutorial
------------------------------------------------------------------------------------------------------------------------
Ensure you have a suitable environment open, and that you have a working instance of Jupyter Notebook.

1. Open Anaconda Navigator and ensure you are in the environment that you set up. Click ‘Launch’ on the Jupyter Notebook tab.
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2. Once the Jupyter Notebook tab opens in a browser window, choose ‘New’ and in the dropdown menu choose ‘Python 3 (ipykernel)’.
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3. Once a notebook window is opened, you can start coding. Ensure ALL CODE is typed from the GREYED CELL in the images.
Firstly, import the packages you will need. Most of these you have seen before, with the exception of cv2. Run the cell.
import cv2
import numpy as np
import matplotlib.pyplot as plt
import pandas as pd
import os
import warnings
import random
warnings.filterwarnings('ignore')
import tensorflow as tf
from tensorflow import keras
keras.__version__

		What packages will be needed?
		What do the packages do?
What version of Keras are you using?

4. As a note, remember you can name your notebook to be saved for later reference.
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5. Check the version of Tensorflow. We will also assert that it is TF2 as it is offers more flexibility. Run the cell.
 tf.__version__

6. Download the Emotions folder from Moodle, unzip and save to a convenient location. You will need to remember this for the next step. 
[image: ]
Within the folder are two subfolders (for train and test) and inside those are seven more subfolders (for the classified emotions). Inside these are the images that are classified to that emotion.
[image: ]

7. Create a variable for the directory and save the directory path of the unzipped file into it. You can then create two further variables for directories and path for the train and test set. Run the cell.
root_dir = 'ENTER YOUR DIRECTORY PATH HERE'
train_dir = root_dir + 'train'
test_dir = root_dir + 'test'

8. Now using the os library, you can set up the labels in a variable name of your choice (Here it is target_var). Run the cell.
target_var = os.listdir(train_dir)
target_var

What does this output?

9. Now check the first image from each emotion folder in the test set using matplotlib.pyplot. Use a for loop to grab each image. Run the cell.
fig, axes = plt.subplots(1, 7, figsize=(20, 8))

for i in range(min(len(target_var), 7)):  # Ensure we do not exceed 7 images
    folder_path = os.path.join(train_dir, target_var[i])  # Safer path joining
    files = os.listdir(folder_path)

    if files:  # Ensure the directory is not empty
        image_path = os.path.join(folder_path, files[5])
        axes[i].imshow(plt.imread(image_path))
        axes[i].set_title(target_var[i])
        axes[i].axis("off")  # Optional: Hide axes for a cleaner display
    else:
        print(f"Warning: No images found in {folder_path}")

plt.tight_layout()
plt.show()

What does this show you?
How does the output look?




You can take it a step further and print the first five images if you want to (or as many as you like, see if you can change the amount…
fig, axes = plt.subplots(5, 7, figsize=(20, 8))  # 5 rows, 7 columns

img_idx = [0, 1, 2, 3, 4]  # We want to select images at index 0 and 4
image_count = 0  # To track the number of images plotted

for i in range(min(len(target_var), 7)):  # Limiting to 7 categories
    folder_path = os.path.join(train_dir, target_var[i])  # Construct folder path
    files = os.listdir(folder_path)  # List files in folder
    
    files = sorted(files)  # Sorting ensures consistency in image selection
    
    for j in range(len(img_idx)):  # Loop over index 0 and 1
        if len(files) > img_idx[j]:  # Check if index exists
            image_path = os.path.join(folder_path, files[img_idx[j]])
            row = j  # First image in row 0, second in row 1
            col = i  # Position based on category index
            
            axes[row, col].imshow(plt.imread(image_path))  # Display image
            axes[row, col].set_title(f"{target_var[i]} {img_idx[j]}")
            axes[row, col].axis("off")  # Hide axis
        
plt.tight_layout()
plt.show()







10. You can now interrogate the data. Use numpy and matplotlib.pyplot to see what percentage of images are classified as which emotion, and also print how many. Run the cell.
x_train = np.array([ len(os.listdir(train_dir+'/'+i+'/')) for i in target_var ])
x_test = np.array([ len(os.listdir(test_dir+'/'+i+'/')) for i in target_var ])
label = target_var
  
fig, axes = plt.subplots(1, 2, figsize=(8,4))
axes[0].pie(x_train, labels=label, autopct='%1.1f%%',shadow=True, startangle=90)
axes[1].pie(x_test, labels=label, autopct='%1.1f%%',shadow=True, startangle=90)
axes[0].set_title('Train')
axes[1].set_title('Test')
plt.show()

for i in target_var:
    print('Emotion : ' + i )
    print('\tTraining : ' + str(len(os.listdir(train_dir+'/'+i+'/'))) +'\n\t Testing : ' + str(len(os.listdir(test_dir+'/'+i+'/'))))

Which emotion has the least amount of images for the training set?
	Which emotion has the most amount of images for the training set?
Which emotion has the least amount of images for the test set?
	Which emotion has the most amount of images for the test set?





11. We need to preprocess data now. It is possible to scale the images too, so that we can use different sizes to augment the data for training the model. Run the cell (This is a big cell!).
# Read sample images
images = []
for i in range(len(target_var)):
    d = train_dir+'/'+target_var[i]+'/'+os.listdir(train_dir+'/'+target_var[i]+'/')[0]
    images.append(cv2.imread(d))

# Convert BGR images to RGB
images_rgb = list(map(lambda x: cv2.cvtColor(x, cv2.COLOR_BGR2RGB), images))

# Define the scale factor
# Increase the size by 2 times
scale_factor_1 = 2.0  
# Decrease the size by 2 times
scale_factor_2 = 1/2.0

# Get the original image dimensions
height, width = images_rgb[0].shape[:2]

# Calculate the new image dimensions
new_height = int(height * scale_factor_1)
new_width = int(width * scale_factor_1)

# Resize the image
zoomed_images = list(map(lambda x: cv2.resize(src=x, 
                          dsize=(new_width, new_height), 
                          interpolation=cv2.INTER_CUBIC), images_rgb))

# Calculate the new image dimensions
new_height1 = int(height * scale_factor_2)
new_width1 = int(width * scale_factor_2)

# Scaled image
scaled_images = list(map(lambda x: cv2.resize(src=x, 
                          dsize =(new_width1, new_height1), 
                          interpolation=cv2.INTER_AREA), images_rgb))

# Number of images
num_images = len(images_rgb)

# Create subplots
fig, axs = plt.subplots(num_images, 3, figsize=(12, 4 * num_images))

for i in range(num_images):
    # Plot the original image
    axs[i, 0].imshow(images_rgb[i])
    axs[i, 0].set_title(f'Original Image Shape: {images_rgb[i].shape}')

    # Plot the zoomed image
    axs[i, 1].imshow(zoomed_images[i])
    axs[i, 1].set_title(f'Zoomed Image Shape: {zoomed_images[i].shape}')

    # Plot the scaled image
    axs[i, 2].imshow(scaled_images[i])
    axs[i, 2].set_title(f'Scaled Image Shape: {scaled_images[i].shape}')

    # Image label
    axs[i, 0].set_ylabel(f'{target_var[i]}', rotation=90, fontsize=12)
    
    # Remove ticks from all subplots
    for j in range(3):
        axs[i, j].set_xticks([])
        axs[i, j].set_yticks([])

# Adjust layout for better spacing
plt.tight_layout()
plt.show()




12. The images can be rotated too, this can help generalise the model to learn different angles of faces. Run the cell (Another big one).
# Image rotation parameter
center = (images_rgb[0].shape[1] // 2, images_rgb[0].shape[0] // 2)
angles_left = [random.randint(5, 31) for _ in range(num_images)]
angles_right = [random.randint(-31, -5) for _ in range(num_images)]
scale = 1

# getRotationMatrix2D creates a matrix needed for transformation.
rotation_matrices_left = list(map(lambda angle: cv2.getRotationMatrix2D(center, angle, scale), angles_left))
rotation_matrices_right = list(map(lambda angle: cv2.getRotationMatrix2D(center, angle, scale), angles_right))

# We want matrix for rotation w.r.t center to 30 degree without scaling.
rotated_images_left = [cv2.warpAffine(images_rgb[i], rotation_matrices_left[i], (images_rgb[i].shape[1], images_rgb[i].shape[0])) for i in range(num_images)]
rotated_images_right = [cv2.warpAffine(images_rgb[i], rotation_matrices_right[i], (images_rgb[i].shape[1], images_rgb[i].shape[0])) for i in range(num_images)]

# Create subplots
fig, axs = plt.subplots(num_images, 3, figsize=(12, 4 * num_images))

for i in range(num_images):
    # Plot the original image
    axs[i, 0].imshow(images_rgb[i])
    axs[i, 0].set_title(f'Original Image Shape: {images_rgb[i].shape}')

    # Plot the rotated image
    axs[i, 1].imshow(rotated_images_left[i])
    axs[i, 1].set_title(f'Zoomed Image Shape: {rotated_images_left[i].shape}')
    
    axs[i, 2].imshow(rotated_images_right[i])
    axs[i, 2].set_title(f'Zoomed Image Shape: {rotated_images_right[i].shape}')

    # Image label
    axs[i, 0].set_ylabel(f'{target_var[i]}', rotation=90, fontsize=12)

    # Remove ticks from all subplots
    for j in range(3):
        axs[i, j].set_xticks([])
        axs[i, j].set_yticks([])

# Adjust layout for better spacing
plt.tight_layout()
plt.show()

13. Now it’s time to prepare the images to be read as data by the model Keras has a specific processing tool for this in the form of ImageDataGenerator. We will import this here. We will set up a training set and a validation set from the training folder images. Run the cell.
from tensorflow.keras.preprocessing.image import ImageDataGenerator, load_img

# Normalise the images to values between 0 and 1
train_datagen = ImageDataGenerator(rescale=1./255,
                                   zoom_range=0.3,
                                   horizontal_flip=True)
# Set the shape of the data here
training_set = train_datagen.flow_from_directory(train_dir,
                                                batch_size=64,
                                                target_size=(48,48),
                                                shuffle=True,
                                                color_mode='grayscale',
                                                class_mode='categorical')

# Repeat the steps for the validation set without the zoom and horizontal flip
validation_datagen = ImageDataGenerator(rescale=1./255)

validation_set = validation_datagen.flow_from_directory(test_dir,
                                                batch_size=64,
                                                target_size=(48,48),
                                                shuffle=True,
                                                color_mode='grayscale',
                                                class_mode='categorical')
How many images are found for the test set and how many for the validation set?

14. Now we can map the class indices to the class labels (the seven folders of emotions). Run the cell.
# Get dictionary mapping class indices to class labels
class_labels = training_set.class_indices

# Reverse it to get labels by index
class_labels = {v: k for k, v in class_labels.items()}

print(class_labels) 

	Did it map all seven?

15. Create a list of the labels in the training set by looping through all the batches. Run the cell.
# Initialise an array / list for the train labels
y_train_full = []

# Loop through to abstract images and labels
for _ in range(len(training_set)):  # Loop through all batches
    train_images, train_labels = training_set.__next__()  # or use next(training_set)
    y_train_full.extend(np.argmax(train_labels, axis=1))  # Convert one-hot to indices
    
# Print the list of labels
print(y_train_full)





16. Do the same for the validation set. Run the cell.
# Initialise an array / list for the validation set
y_validation_full = []

# Loop through to abstract images and labels
for _ in range(len(validation_set)):  # Loop through all batches
    val_images, val_labels = validation_set.__next__()  # or use next(validation_set)
    y_validation_full.extend(np.argmax(val_labels, axis=1))  # Convert one-hot to indices

# Print the list and number of labels
print(y_validation_full)
print(len(y_validation_full))

17. Now we need to set up a list for the validation images so that we can feed the images and labels separately when we fit the model.
X_validation_full = []  # List to store all validation images

for _ in range(len(validation_set)):  # Loop through all batches
    val_images, val_labels = validation_set.__next__()  # Fetch next batch
    X_validation_full.append(val_images)  # Store images

# Convert list of arrays into a single NumPy array
X_validation_full = np.concatenate(X_validation_full, axis=0)

X_validation_full = np.array(X_validation_full, dtype=np.float32)

print(len(X_validation_full))
print(X_validation_full)




18. It is now time to design and create our neural network architecture. For this we will use tf.keras.models and import the sequential model, and from tf.keras.layers we will import Conv2D layer for the convolutions (filters), MaxPooling2D for downsizing our convolutions, Flatten for pushing through the fully connected layer at the end, and Dense layers for the hidden layers in the fully connected neural network with a softmax activation. Play around with the parameters here, the number of neurons (64 and 32), even the number of layers, as well as the filter sizes (3, 3) and activation functions. The input shape is the size of the image here. Run this cell.
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Conv2D, MaxPooling2D, Flatten, Dense,Dropout,BatchNormalization
from tensorflow.keras import regularizers
model = Sequential([
    Conv2D(64, (3, 3), activation='relu', input_shape=(48, 48,1)),
    Conv2D(32, (3, 3), activation='relu', input_shape=(48, 48,1)),
    Conv2D(32, (3, 3), activation='relu', input_shape=(48, 48,1)),
    MaxPooling2D(pool_size=(2, 2)),
    Flatten(),
    Dense(7, activation='softmax')
])

	Why is input shape set to (48, 48, 1)?
	Why are there 7 neurons in the Dense layer?

19. Print the model summary. Run the cell.
model.summary()

	What does the architecture look like?
	What can you derive from the output shape?
	Where does this come from?
	How many parameters does the model have?
	
20. We now need to set up the array and shape of the validation labels data to feed to the network For this we need a new import.
from tensorflow.keras.utils import to_categorical

num_classes = model.output_shape[-1]  # Get number of classes from the model
y_validation_full = to_categorical(y_validation_full, num_classes)

print(y_validation_full.shape)

21. We also need optimizers so we can optimise the training when the model is compiled. For this we will import Adam, RMSprop and SGD. Use all three to experiment. The model will be compiled with a loss function as well, use categorical_crossentropy for this although you could explore some others and experiment. We will also use accuracy for our metrics. Run the cell.
from tensorflow.keras.optimizers import Adam, RMSprop, SGD    
model.compile(optimizer='SGD', 
                  loss='categorical_crossentropy', 
                  metrics=['accuracy'])

22. Now create a variable (I have called it history as is common) and fit the data to the model, and choose how many epochs to train it over. Experiment with different amount of epochs to see how it affects the accuracy and loss. Run the cell. Depending on the number of epochs chosen, this will take a while!
history = model.fit(x=training_set,
                 validation_data=validation_set,
                 epochs=30)

At which epoch does the training loss level out and not change significantly any more, if at all?




23. Now print the graphs for accuracy and loss over training and validation. Run the cell.
def plot_history(history):
    acc = history.history["accuracy"]
    loss = history.history["loss"]
    val_loss = history.history["val_loss"]
    val_accuracy = history.history["val_accuracy"]
    
    x = range(1, len(acc) + 1)
    
    plt.figure(figsize=(12,5))
    plt.subplot(1, 2, 1)
    plt.plot(x, acc, "b", label="training_acc")
    plt.plot(x, val_accuracy, "r", label="validation_acc")
    plt.title("Accuracy")
    plt.legend(('training_acc', 'validation_acc'))
    
    plt.subplot(1, 2, 2)
    plt.plot(x, loss, "b", label="traning_loss")
    plt.plot(x, val_loss, "r", label="traning_loss")
    plt.title("Loss")
    plt.legend(('training_loss', 'validation_loss'))
    
plot_history(history)

	Think about how this could be fine tuned for better performance…







24. Once happy with the validation accuracy and loss, then evaluate the model with the test data. Firstly, set up the test data as we did with the training data. Run the cell.

test_datagen = ImageDataGenerator(rescale=1./255,
                                   zoom_range=0.3,
                                   horizontal_flip=True)

test_set = test_datagen.flow_from_directory(test_dir,
                                                batch_size=64,
                                                target_size=(48,48),
                                                shuffle=True,
                                                color_mode='grayscale',
                                                class_mode='categorical')

How many test datapoints are there?

25. Map the class indices to the class labels. Run the cell.
# Get dictionary mapping class indices to class labels
test_labels = test_set.class_indices

# Reverse it to get labels by index
test_labels = {v: k for k, v in class_labels.items()}

print(test_labels)

26. Extract the images and labels in order to evaluate. Run the cell.
y_test_full = []

for _ in range(len(test_set)):  # Loop through all batches
    test_images, grnd_truth = test_set.__next__()  # or use next(test_set)
    y_test_full.extend(np.argmax(grnd_truth, axis=1))  # Convert one-hot to indices
print(y_test_full)
print(len(y_test_full))
print(len(test_images))
print(len(grnd_truth))
27. Set up the images like we did the labels into an array. Run the cell.
X_test_full = []  # List to store all validation images

for _ in range(len(validation_set)):  # Loop through all batches
    test_images, test_labels = validation_set.__next__()  # Fetch next batch
    X_test_full.append(test_images)  # Store images

# Convert list of arrays into a single NumPy array
X_test_full = np.concatenate(X_test_full, axis=0)
X_test_full = np.array(X_validation_full, dtype=np.float32)

28. Run a prediction on the unseen test images. Run the cell.
y_proba=model.predict(X_test_full)
y_proba

29. Convert the probabilities to a tensor of categories. Run the cell.
y_pred=tf.argmax(y_proba, axis=1)
print(y_pred)

30. Finally, evaluate the metrics with the confusion matrix and the classification report. Run the cell.
from sklearn import metrics
# Print the confusion matrix
print(metrics.confusion_matrix(y_test_full, y_pred))

# Print the precision and recall, among other metrics
print(metrics.classification_report(y_test_full, y_pred, digits=3))

	How did the metrics come out?
How could this be improved?
image4.png
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Download and unzip this folder to a place you can access easiy. Inside are two subfolders for train and test. Inside those are seven subfolders for the different classified emotions and each of these folders holds the images for that emotion.
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