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INTRODUCTION  

 In this chapter, we'll dive into the foundations of 

deep learning, placing a special spotlight on 

Convolutional Neural Networks (CNNs).  

 

 We 'll get a grasp of what deep learning is all 

about, especially when it comes to dealing with 

images.  

 

 By the end of this chapter, you'll be well-versed 

in how CNNs function and their crucial role in 

tasks like recognizing objects in pictures. 
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LEARNING OBJECTIVES 

 

 Gain insights into deep learning, its applications, 

and the emergence of CNNs. 

 Comprehend the architecture and training of 

CNNs for image-related tasks. 

 

 

5 



DEEP  LEARNING (DL) 

 What is Deep Learning? 

 

 Deep Learning is a subfield of machine learning and 

artificial intelligence that revolves around training 

artificial neural networks, particularly deep 

neural networks, to perform complex tasks. 

 

  These deep neural networks consist of multiple 

layers, which enable them to capture intricate 

patterns in data. 
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DEEP  LEARNING (DL) 

 Deep Neural Networks (DNN) 

 Deep neural networks are characterized by having many hidden 

layers.  

 These layers introduce a hierarchical representation of data.  

  A deep neural network consists of multiple layers:  

 

 

 

 

 

 

 Mathematically, a deep neural network can be represented as a 

composition of functions: 

 F(x)=fn ​(fn−1 ​(…f2​(f1​(x;W1 ​,b1 ​);W2 ​,b2 ​)…;Wn−1 ​,bn−1 ​);Wn ​,bn ​) 
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DEEP  LEARNING (DL) 

 Panorama of Prominent Deep Learning Models 

 Convolutional Neural Networks (CNNs) 

 Long Short-Term Memory Networks (LSTMs) 

 Autoencoders 

 Generative Adversarial Networks (GANs) 

 Transformers 

 Deep Reinforcement Learning (DRL)  

 Capsule Networks (CapsNets) 
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DEEP  LEARNING (DL) 

 Differences between DNN and ML 

 Scope: 

 ML: is a broader field that encompasses various 

techniques for teaching a computer system to learn from 

data and make predictions.  

It includes both traditional statistical methods and 

modern techniques like deep learning. 

 

 DNN: are a specific subset of machine learning 

techniques that are based on artificial neural networks 

with multiple hidden layers.  
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DEEP  LEARNING (DL) 

 Differences between DNN and ML 

 Model Complexity: 

 ML: ML models can be relatively simple.  

 

 DNN: DNNs are characterized by their deep 

architectures, typically consisting of many layers.  
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DEEP  LEARNING (DL) 

 Differences between DNN and ML 

 Feature Engineering: 
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DEEP  LEARNING (DL) 

 Differences between DNN and ML 

 

 Data Requirements: 

 ML: ML models can work with smaller datasets 

effectively, as they often rely on hand-crafted features. 

 

 DNN: DNNs tend to require larger datasets for training, 

as they need substantial amounts of data to learn 

complex patterns. 
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DEEP  LEARNING (DL) 

 Differences between DNN and ML 

 Training Process: 

 ML: Training ML models is often quicker and less 

computationally intensive compared to training deep 

neural networks. 

 DNNs: Training DNNs can be computationally expensive 

and time-consuming, often requiring specialized 

hardware like GPUs or TPUs. 
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DEEP  LEARNING (DL) 

 Differences between DNN and ML 

 Interpretability: 

 

 ML: ML models are relatively interpretable, meaning it's 

easier to understand the factors influencing their 

predictions. 

 DNNs:  are often considered as "black boxes" because 

their inner workings can be challenging to interpret. 
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CONVOLUTIONAL NEURAL 

NETWORKS 

 

(CNN/CONVNET) 
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CONVOLUTIONAL NEURAL NETWORKS 

(CNN)  
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 CNN is a class of deep neural networks, most commonly 

applied to analyze visual imagery.  

 

 

 

https://en.wikipedia.org/wiki/Deep_neural_network


CONVOLUTIONAL LAYER 
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



CONVOLUTIONAL LAYER 
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 If the image is RGB  

 

 



CONVOLUTIONAL LAYER 
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o Kernel Size: defines the field of view of the convolution 

o Padding (p): defines how the border  of a sample is handled. 

o Stride:  defines the step size of the  kernel when traversing the 

input  image. 

 

 

 

 

 

 

 

 

 

 

 

 

 

2D convolution using a kernel size of 3, stride of 1 and padding 
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CONVOLUTIONAL LAYER 
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 Different Types of Convolutions in Deep Learning 

 Dilated Convolutions (atrous convolutions) 

 

 

 

 

 

 

 

 

2D convolution using a 3 kernel with a dilation rate of 2 and no padding 

 

 

 

 

 



CONVOLUTIONAL LAYER 

22 

 Different Types of Convolutions in Deep Learning 

 Transposed Convolutions: it’s not a deconvolution  

 

 

 

 

 

 

 

 

 

 



CONVOLUTIONAL LAYER 
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 Different Types of Convolutions in Deep Learning 

 Transposed Convolutions (TC) 

 TC layer resembles the Deconvolutional layer as they both 

produce the same spatial dimension. 

 It is carried out for Upsampling. 

 it is defined by the padding and stride.  

 

 

 

 

 

 

 

 



CONVOLUTIONAL LAYER 
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 Different Types of Convolutions in Deep Learning 

 Implementing a Transposed Convolutions  layer can be 

better explained as a 4 step process:  

 



CONVOLUTIONAL LAYER 
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 Different Types of Convolutions in Deep Learning 

 Transposed Convolutions 
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Different Types of Convolutions in Deep Learning 

  Transposed Convolutions “Summary” 

 

   
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 Different Types of Convolutions in Deep Learning 

 Separable Convolutions  

 we split the kernel operation into multiple steps 

 

 convolution y = conv(x, k)  

 

 where y is the output image, x is the input image, and k is the 

kernel. 

 

 let’s assume k can be calculated by: k = k1.dot(k2).  

 

 This would make it a separable convolution because instead of 

doing a 2D convolution with k, we could get to the same result 

by doing 2 1D convolutions with k1 and k2. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



CONVOLUTIONAL LAYER 
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 Different Types of Convolutions in Deep Learning 

 Separable Convolutions: Example: Sobel kernel 

 

 

 

 

 

 

 You could get the same kernel by multiplying the vector [1, 0, -

1] and [1,2,1]. T.  

 6 instead of 9 parameters while doing the same operation.  

 This example shows what’s called a spatial separable 

convolution. 

 

 

 

 

 

 

 

 



POOLING LAYER 
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 Pooling layer =  Sub-sampling Layer 

 This layer decrease the computational power required to 

process the data.  

 It is done by decreasing the dimensions of the featured matrix 

even more.  

 It extract the dominant features from a restricted amount of 

neighborhood.  

 

 



POOLING LAYER 
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 Pooling Layer types: 

 

 



FULLY CONNECTED LAYER (FCL) 
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CONVOLUTIONAL NEURAL NETWORKS 
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CONVOLUTIONAL NEURAL NETWORKS 

 

  Various architectures of CNNs 

 LeNet 

 AlexNet 

 VGGNet 

 GoogLeNet 

 ResNet 

 ZFNet 
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CONVOLUTIONAL NEURAL NETWORKS 

 

Summary 

 Provide input image into convolution layer 

 Choose parameters, apply filters with strides, padding if 

requires. Perform convolution on the image and apply 

ReLU activation to the matrix. 

 Perform pooling to reduce dimensionality size 

 Add as many convolutional layers until satisfied 

 Flatten the output and feed into a FC Layer 

 Output the class using an activation function (Logistic 

Regression with cost functions) and classifies images. 
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CONVOLUTIONAL NEURAL NETWORKS 
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CONVOLUTIONAL NEURAL NETWORKS 

 

36 



CONVOLUTIONAL NEURAL NETWORKS 
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CONVOLUTIONAL NEURAL NETWORKS 
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CONVOLUTIONAL NEURAL NETWORKS 
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CONVOLUTIONAL NEURAL NETWORKS 

40 

 Key Differences between MLP and CNN 

 CNN is mostly used for Image Data, whereas it is better to 

use MLP on structural data; 

 CNN has less parameters and tries to reduce the dimensions 

of image whereas in case of MLP number of parameters 

depends on the data; 

 CNN is complex in nature whereas MLP is relatively simple 

compared to CNN; 

 CNN uses special Convolution and Pooling Layers whereas 

MLP  is just a network of Neurons; 

 CNN is generally used for huge data as compared to MLP 
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 Worked Example 

 

 Assume you have a dataset with 200 samples and you choose a 

batch size of 5 and 1,000 epochs. 

 This means that the dataset will be divided into 40 batches, 

each with 5 samples. The model weights will be updated after 

each batch of 5 samples. 

 This also means that one epoch will involve 40 batches or 40 

updates to the model. 

 With 1,000 epochs, the model will be exposed to or pass 

through the whole dataset 1,000 times. That is a total of 

40,000 batches during the entire training process. 

 



DL: KEY CONCEPTS 

What is Softmax in deep learning?  

 

o Softmax assigns decimal probabilities to each class in a 

multi-class problem.  

 

o Those decimal probabilities must add up to 1.0. 
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DL: KEY TECHNIQUES 

44 

Regularization in DL 

 In deep learning, regularization is a technique used to 

prevent overfitting. 

  It makes slight modifications to the learning algorithm such 

that the model generalizes better.   

 This in turn improves the model’s performance on the 

unseen data as well. 

 



DL: KEY TECHNIQUES 
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Regularization 

 Different Regularization Techniques in Deep Learning 

1. Dropout 

2. Data augmentation 

3. Early stopping 

4. L2 and L1 regularization 

 

 

 



DL: KEY TECHNIQUES 
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 What does dropout do in neural network? 

 



DL: KEY TECHNIQUES 

Data Augmentation 

 The simplest way to reduce overfitting is to increase the 

size of the training data.  
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DL: KEY TECHNIQUES 

Early stopping 

 In Early stopping, we keep one part of the training set as the 

validation set.  

 When we see that the performance on the validation set is 

getting worse, we immediately stop the training on the model.  
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DL: KEY TECHNIQUES 

Batch normalization  

 it is a technique that normalizes the input of each layer within 

a mini-batch during training. 

 

 it accelerates training, makes convergence more stable, and 

reduces the sensitivity to weight initialization.  

 

 It enables the use of higher learning rates and often results in 

better generalization.  

 

 It  is implemented as a layer within a neural network.  
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DL: KEY CONCEPTS 
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 Transfer learning ? 

 It is a technique where a pre-trained NN is used as a starting 

point for a different but related task.  

 

 Instead of training a new network from scratch, you fine-tune 

the pre-trained model to adapt to your specific problem by 

adjusting its final layers 

 

 


