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I built a CNN to classify CIFAR-10 images in this project. I wanted to understand how neural 

networks learn from pictures. My model learned to recognize 10 different objects like cars, 

birds, and ships. After training, it got about 75% of test images correct. I used techniques like 

dropout and early stopping to make the model better. This report shows what I did and 

explains my results with graphs and tables. 

 

1. Introduction  

Teaching computers to understand pictures is getting more important every day. We see it in 

phones that unlock with your face, cars that drive themselves, and apps that recommend 

products. The hard part is that the same thing can look very different in photos. A cat can be 

sleeping, running, or hiding—but it's still a cat. 

Normal computer programs struggle with this because they need strict rules. But deep 

learning is different. It learns from examples, just like how people learn. 

I picked the CIFAR-10 dataset because many students and researchers use it [1]. It has 60,000 

small color pictures in 10 groups. My goal was to develop a CNN that could sort these 

pictures correctly and understand how everything works in practice. 

 

2. Related Work 

 
2.1 Neural network 

Neural networks are computer systems inspired by brains [2]. They have connected nodes 

that learn patterns from data [3]. Each connection gets stronger or weaker during training. 

2.2 Convolutional Neural Networks (CNN) 

CNN is a special neural network made for images [4]. Regular neural networks treat pictures 

as flat lists, but CNNs keep the 2D shape. This helps them understand patterns better. 

The main parts of CNNs are 

Convolutional layers use filters that move across the image to find features [5]. Each filter 

learns to spot different patterns [6]. 
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Pooling layers make the image smaller but keep important information [7]. Max pooling 

takes the biggest value from small areas [8]. 

Fully connected layers at the end put everything together to make decisions [9]. 

CNNs work best for images because they understand shapes and patterns [10]. 

2.3 Recurrent neural network (RNN) 

RNN is made for sequences like text or music [11]. They remember what came before [12]. 

They're great for language tasks [13] but not good for single images. 

2.4 Cifar–10 dataset 

Cifar–10 has 60,000 small color pictures in 10 categories [14]. There are 50,000 for training 

and 10,000 for testing [15]. Many people use it to test new ideas [16]. 

2.5 Training Methods 

Data augmentation makes new training images by changing existing ones [17]. This helps 

the model handle different versions of the same thing [18]. 

Dropout turns off random neurons during training [19]. This stops the network from relying 

too much on any single part [20]. 

Early stopping watches the validation score and stops training when it stops getting better 

[21]. This saves time and prevents over-learning [22]. 

 

3. Workflow and Methods 

3.1 Data Preparation 

I loaded the CIFAR-10 data using Keras. The pictures came as numbers from 0 to 255. I 

changed these to 0-1 by dividing by 255. This helps the model learn better [23]. 

I changed the labels from numbers to one-hot encoding. So "cat" (class 3) became 

[0,0,0,1,0,0,0,0,0,0]. This works better with the loss function. 

3.2 Training Process 

I configured the model with: 
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➢​ Adam optimizer 

➢​ Categorical crossentropy loss 

➢​ Accuracy metric 

I used early stopping to monitor validation loss and stop after 3 epochs without improvement. 

I also used data augmentation with rotations and flips. 

4. Discussion and result 

4.1 Training Results 

My model was trained for 11 epochs before early stopping kicked in. Here's what happened: 

 

 

 

 

 

 

 

 

figure 01 

The training accuracy went from 29% to 76%, while validation accuracy reached 73%. The 

curves show good learning without big gaps between training and validation. 

4.2 Final Performance 

The model got 72.61% test accuracy. This means it got about 7,261 out of 10,000 test 

images correct. 
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figure 02 

4.3 Confusion matrix  

The confusion matrix shows where the model worked well and where it struggled: 

 

 

 

 

 

 

 

Figure 03 

★​ Best at: automobiles (85%), ships (85%), airplanes (77%) 

★​ Worst at: cats (55%), dogs (57%), birds (57%) 

★​ Common mistakes: cats vs dogs, birds vs other animals 

This makes sense because cars and ships have clear shapes, while animals can look similar. 

4.4 Detailed Performance Report 

The classification report gives more details: 

 

 

 



7 

 

 

 

 

 

 

 

 

Figure 04 

Precision and recall scores show how well the model did for each class. Vehicles generally 

scored higher than animals. 

4.5 Data Augmentation Results 

When I added data augmentation, the model trained for 12 epochs and reached 76.11% 

validation accuracy. The augmented images helped the model generalize better. 

 

 

 

 

 

Figure 05 

4.6 Sample Predictions 

I tested 15 random images to see real results: 
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Figure 06 

Green labels show correct guesses, and red shows wrong ones. You can see the model gets 

most right but struggles with some animals. 

4.7 Why My Model Worked 

Using a CNN was the right choice because they're made for images. The three convolutional 

layers learned different features at each level. 

Dropout and early stopping really helped prevent overfitting. Without them, the model would 

have memorized the training data. 

The model size was good—not too big, not too small. It learned well without taking forever 

to train. 

4.8 How to Improve 

Based on my results, here's how to make it better: 

1.​ More Layers: Try deeper networks like ResNet [29] with skip connections 

2.​ Better Augmentation: Use more image variations like color changes and zooms [31] 

3.​ Parameter Tuning: Search systematically for the best settings [32] 

4.​ Pre-trained Models: Start with models trained on bigger datasets [33] 

5.​ Batch Normalization: Use this to stabilize training [34] 

6.​ Attention: Help the model focus on important parts [36] 
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5. Conclusion 

This project showed me how to build and train a CNN for image classification. I learned why 

CNNs work better than other networks for pictures. My model achieved 72.61% accuracy, 

which is decent for a first try. 

The model was good with clear objects like vehicles but struggled with similar-looking 

animals. All my choices were based on what I learned from research and testing. 

Working through the whole process—from loading data to evaluating results—taught me a 

lot about real machine learning work. This gives me a good base for trying more advanced 

methods in the future. 
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7. Appendix 

Complete Code 
 
import tensorflow as tf 
from tensorflow import keras 
from tensorflow.keras import layers, models 
import numpy as np 
import matplotlib.pyplot as plt 
import seaborn as sns 
from sklearn.metrics import classification_report, confusion_matrix 
from tensorflow.keras.callbacks import EarlyStopping, ModelCheckpoint 
import random 
 
# --------- 2. Load and Prepare CIFAR-10 Dataset ---------- 
(x_train, y_train), (x_test, y_test) = keras.datasets.cifar10.load_data() 
 
# Normalize pixel values (0–1) 
x_train = x_train.astype('float32') / 255.0 
x_test = x_test.astype('float32') / 255.0 
 
# One-hot encode labels 
y_train = keras.utils.to_categorical(y_train, 10) 
y_test = keras.utils.to_categorical(y_test, 10) 
 
# Define class names for 10 object 
class_names = ['airplane', 'automobile', 'bird', 'cat', 'deer', 
               'dog', 'frog', 'horse', 'ship', 'truck'] 
 
print("Training data shape:", x_train.shape) 
print("Testing data shape:", x_test.shape) 
 
# ---------- 3. Visualize Sample Images ---------- 
plt.figure(figsize=(8,8)) 
for i in range(16): 
    plt.subplot(4,4,i+1) 
    plt.imshow(x_train[i]) 
    plt.title(class_names[np.argmax(y_train[i])]) 
    plt.axis('off') 
plt.suptitle("Sample CIFAR-10 Images", fontsize=16) 
plt.show() 
 
# ---------- 4. Build CNN Model ---------- 
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model = models.Sequential([ 
    layers.Conv2D(32, (3,3), activation='relu', input_shape=(32,32,3)), 
    layers.MaxPooling2D((2,2)), 
 
    layers.Conv2D(64, (3,3), activation='relu'), 
    layers.MaxPooling2D((2,2)), 
 
    layers.Conv2D(128, (3,3), activation='relu'), 
    layers.Flatten(), 
 
    layers.Dense(128, activation='relu'), 
    layers.Dropout(0.5), 
 
    layers.Dense(10, activation='softmax') 
]) 
 
# ---------- 5. Compile the Model ---------- 
model.compile(optimizer='adam', 
              loss='categorical_crossentropy', 
              metrics=['accuracy']) 
 
# ---------- 6. Train the Model ---------- 
early_stop = EarlyStopping( 
    monitor='val_loss', 
    patience=3, 
    restore_best_weights=True 
) 
 
history = model.fit( 
    x_train, y_train, 
    epochs=20, 
    batch_size=64, 
    validation_data=(x_test, y_test), 
    callbacks=[early_stop] 
) 
 
# ---------- 7. Plot Training Accuracy & Loss ---------- 
plt.figure(figsize=(12,5)) 
 
plt.subplot(1,2,1) 
plt.plot(history.history['accuracy'], label='Train Accuracy') 
plt.plot(history.history['val_accuracy'], label='Validation Accuracy') 
plt.title('Model Accuracy over Epochs') 
plt.xlabel('Epoch') 
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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('Model Loss over Epochs') 
plt.xlabel('Epoch') 
plt.ylabel('Loss') 
plt.legend() 
 
plt.show() 
 
# ---------- 8. Evaluate Model on Test Set ---------- 
test_loss, test_acc = model.evaluate(x_test, y_test) 
print(f"\nTest Accuracy: {test_acc * 100:.2f}%") 
 
# ---------- 9. Generate Predictions ---------- 
y_pred = model.predict(x_test) 
y_pred_classes = np.argmax(y_pred, axis=1) 
y_true = np.argmax(y_test, axis=1) 
 
# ---------- 10. Confusion Matrix ---------- 
cm = confusion_matrix(y_true, y_pred_classes) 
 
plt.figure(figsize=(10,8)) 
sns.heatmap(cm, annot=True, fmt='d', cmap='Blues', 
            xticklabels=class_names, yticklabels=class_names) 
plt.xlabel('Predicted Labels') 
plt.ylabel('True Labels') 
plt.title('Confusion Matrix for CIFAR-10 CNN') 
plt.show() 
 
# ---------- 11. Classification Report ---------- 
print("\nClassification Report:\n") 
print(classification_report(y_true, y_pred_classes, target_names=class_names)) 
 
# --- Data Augmentation --- 
datagen = keras.preprocessing.image.ImageDataGenerator( 
    rotation_range=15, 
    horizontal_flip=True, 
    width_shift_range=0.1, 
    height_shift_range=0.1 
) 
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datagen.fit(x_train) 
 
# --- Callbacks --- 
early_stop = EarlyStopping( 
    monitor='val_loss', 
    patience=3, 
    restore_best_weights=True 
) 
 
checkpoint = ModelCheckpoint( 
    'best_cifar10_model.h5', 
    monitor='val_accuracy', 
    save_best_only=True, 
    mode='max', 
    verbose=1 
) 
 
# --- Train Model with Augmentation and Callbacks --- 
history_aug = model.fit( 
    datagen.flow(x_train, y_train, batch_size=64), 
    epochs=25, 
    validation_data=(x_test, y_test), 
    callbacks=[early_stop, checkpoint] 
) 
 
# ---------- 12. Show Random Image Predictions ---------- 
num_images = 15 
indices = random.sample(range(len(x_test)), num_images) 
sample_images = x_test[indices] 
sample_labels = y_true[indices] 
sample_preds = y_pred_classes[indices] 
 
plt.figure(figsize=(15,6)) 
for i in range(num_images): 
    plt.subplot(3,5,i+1) 
    plt.imshow(sample_images[i]) 
    true_label = class_names[sample_labels[i]] 
    pred_label = class_names[sample_preds[i]] 
    color = 'green' if true_label == pred_label else 'red' 
    plt.title(f"P: {pred_label}\nT: {true_label}", color=color, fontsize=9) 
    plt.axis('off') 
 
plt.suptitle("Random CIFAR-10 Predictions", fontsize=16) 
plt.tight_layout() 
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plt.show() 
 
# ---------- 13. Test a Single Image ---------- 
img = x_test[25] 
plt.imshow(img) 
plt.title("Sample Test Image") 
plt.axis('off') 
plt.show() 
 
# Predict single image 
pred = model.predict(np.expand_dims(img, axis=0)) 
pred_class = class_names[np.argmax(pred)] 
print("Predicted Class:", pred_class) 
 
# ---------- 14. Save the Model ---------- 
model.save('cifar10_cnn_model.h5') 
print("\nModel saved successfully as 'cifar10_cnn_model.h5'") 
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