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 Figure 7: Typical structure of a biological neuron
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that allow communication between dendrites and axons by diffus

strong input activations reach the nucleus inside the Soma, it sums up the activations and 

if the sum crosses a certain threshold, some output activations are generated. Otherwise, 

get decayed, and no output is generated. 

2.1 Artificial Neural Network 
The prime driving force of Artificial Neural Network (ANN) is called a

bias, weights, activation function, and output [25

Figure 8: Structure of a typical Perceptron 
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Figure 9: Structure of a typical Multilayer Perceptron
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change in any weight or bias causes a small change in output.
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relationships of variables are preserved and multiclass problems may also be solved 

The mathematical expression of MLP is: 

  

Where X is the input vector; W is the weight vector; b is the bias; 

layer number; O is the output and f (…) is the non-linear activation

: Structure of a typical Multilayer Perceptron with four inputs, a single hidden layer with 

nodes and three output classes [26] 

Thus, a typical artificial neural network comprises the input layer

hidden layers and the final output layer. The normal flow of ANN is called feed

pass where the input is injected and the output is derived by following the sam

If the general form of ANN is considered as Y=WX+b, it may be understood that 

change in any weight or bias causes a small change in output. 

and multiclass problems may also be solved 

          … Equation 2.1.2 

Where X is the input vector; W is the weight vector; b is the bias; l is the corresponding 

linear activation function. 

 
with four inputs, a single hidden layer with five 

input layer, followed by several 

The normal flow of ANN is called feed-forward 

by following the same direction. 

be understood that a small 
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Figure 10: Backpropagation in Neural Network [27] 

Thus, the output gets updated with the help of partial derivation and this technique is 
called backpropagation [28]. The adjusted output is calculated as: 

output  ∑ ∆𝑤 + ∆𝑏           … Equation 2.1.3 

Accordingly, the minimization of loss leads to generate optimized weight and bias: 

w*, b* = argmin , 𝐿(𝑤, 𝑏)              … Equation 2.1.4  

In this way, a more improved version of the neural network model can be developed. 

2.2 Activation Functions 

Different activation functions are used in different layers as per convention. Activation 

functions are responsible for non-linear transformation and final prediction. 

2.2.1 Rectified Linear Unit (ReLU) 

ReLU does element-wise activation and are mainly used in intermediate hidden layers 
and expressed as: 

ReLU(x) = max (0, x)           … Equation 2.2.1.1  

If the input is negative, the output is zero and if the input is positive, the output is 1. 

2.2.2 Sigmoid 

The sigmoid function transforms an input having the domain (-inf, inf) to some values 
having the range (0, 1): 

Sigmoid(x)=1/(1+e-x) where x ϵR         … Equation 2.2.2.1                                                                                                                             
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2.2.3 Tanh 
The tanh or hyperbolic tangent function transforms the input to some values in the range 
(-1, 1): 

Tanh(x) = (1-e-2x)/ (1+e2x)          … Equation 2.2.3.1 

2.2.4 Softmax 
The most popular activation is the softmax method, which is used typically for detecting 

the most likely class from the final layer outcome. In other words, it measures the 

probability of the result got from the final layer. By using equation 2.1.2, the class may 

be predicted as: 

Ŷ=softmax (O)            … Equation 2.2.4.1 

In equation 2.2.4.1, O is the final layer output and Ŷ is the probability score which may 

be further expressed as: 

Ŷi = (exp (oi)/j exp (oj))                                                                        … Equation 2.2.4.2 

Where, oi is the relative levels of confidence for belongingness to each class i and 0< Ŷi 

<1. The most likely class may be found by 

𝚤̂(o) = argmax 𝑜 = argmax Ŷ          … Equation 2.2.4.3 

2.3 Loss Function 
In machine learning, data is the raw fact a model learns from. A model shows how to 

transform the data into processed information. A loss function measures the inefficiency 

of the model. The pivotal objective is to update the model’s parameters and to minimize 

the loss by invoking an algorithm. The most common losses are L1 loss or mean absolute 

loss between actual and predicted values: 

l(y,y')= ∑ |𝑦 − 𝑦 |              … Equation 2.3.1 

and L2 loss or mean squared loss between actual and predicted values: 

l(y,y')= ∑ (𝑦 − 𝑦 )               … Equation 2.3.2 

The most popular loss function for the multiclass classification problem is the cross-

entropy loss. This concept has come from entropy, which measures how many bits of 

information are contained in data. The entropy of a probability distribution p is calculated 

as: 

𝐻[𝑝] = ∑ −𝑝(𝑗) log  𝑝(𝑗)             … Equation 2.3.3 
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Similarly, the cross-entropy loss is measured as: 

L(Y, Y’) = - j Yj log Y’j                … Equation 2.3.4  

Where Y is the surrogate truth and Y’ is the predicted value. Thus the ultimate goal is to 

minimize the negative log-likelihood or to maximize the accuracy. 

L*(Y, Y’) = 𝑎𝑟𝑔min
Ŷ

∑ 𝐻[𝑝(𝑌 ), 𝑝(𝑌′ )]            … Equation 2.3.5 

2.4 Convolutional Neural Network 
ANNs and other machine learning techniques have been successfully applied in various 

fields [29], [30], [31], but there are a few major limitations of such techniques. ANNs and 

other leading machine learning methods must pass through a data pre-processing phase 

followed by a manual feature extraction curriculum. These make not only them sub-

optimal but also make them highly resource-consuming methods, especially in case of 

complicated technical applications. For example, in computer vision data typically takes 

the form of matrices having arranged in more than one axis. In such cases, numbers of 

dot products also increase significantly while using ANN. On the other hand, a 

Convolutional Neural Network (CNN) reduces the number of dot products by bifurcating 

them along the spatial dimensions. There is also a limitation on the number of hidden 

layers that a typical ANN can accommodate [32]. With the help of advanced hardware 

setup such as cloud services, Graphical Processing Units (GPUs), etc. CNNs have 

surpassed such resource constraints. With deeper hidden layers, CNNs can achieve higher 

accuracy levels than other machine learning techniques. Unlike traditional machine 

learning methods, CNNs can automatically pre-process data and extract features. It can 

even reduce data dimensions automatically. CNNs are also equipped with transfer 

learning where pre-trained networks are employed for problem-solving. Transfer learning 

techniques such as LetNet or AlexNet can drastically reduce the long learning trail 

typically found in ANNs. All these characteristics have made deep learning an automatic 

choice for the data scientists.  

2.4.1 Tensor 
Data used in deep learning is called a tensor. The number of axes of a tensor is called its 

rank. Thus, a tensor having a single number such as a primary variable is called a scalar 

or a zero-dimensional tensor. A list of numbers is called a vector or a one-dimensional 
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tensor. An array of vectors is called matrix or two-dimensional tensor. An array of 

matrices is called a three-dimensional tensor and so on. An array of vectors or rank1 

tensor has a shape (samples, features). Similarly, a rank2 tensor or 3D tensor takes a 

shape like (samples, timesteps, features) such as time-series data. Rank3 or 4D tensor’s 

shape is (samples, height, width, numbers of color channels), e.g. images. Videos are 5D 

or rank4 tensors with shape (samples, frames, height, width, channel).  

2.4.2 Image Processing  

In image processing, an image takes the form of a matrix. A convolutional model having 

an input image array of dimension (h*w) with c channels and l layers may be defined as 

[23]: 

𝐻 
 [i, j, l] = ∑ ∑ ∑   𝑊[𝑎, 𝑏, 𝑐, 𝑙].∆

∆ 𝑋[𝑖 − 𝑎, 𝑗 − 𝑏, 𝑐]∆
∆                 … Equation 2.4.2.1 

In equation 2.4.2.1, X [i, j] and H [i, j] represent pixel location (i, j) of an image and 

hidden state or activation, respectively; W stands for the weight tensor; a and b are 

convolutional offsets running all over the input images and belong to the range [-∆, ∆]. 

The output shape [nh-kh+1]*[nw-kw+1] is given by the difference (+1 is the bias) between 

the input shape [nh*nw] and the convolutional kernel shape [kh*kw]. Then, by considering 

ci as input channels and co as output channels, the output shape will be ci*co*[nh-

kh+1]*[nw-kw+1]                                                                                      … Equation 2.4.2.2  

In a convolution layer, an input array and a kernel/filter array are clubbed together to 
produce the output. An element-wise multiplication takes place here to yield a Sum of 
Product (SoP). 

 

Figure 11: A 2-dimensional convolutional operation 

In figure 11, the convolution begins with the top-left corner i.e. coordinate (0, 0) of the 

input array and it continues sliding from top to bottom and left to right. An element-wise 

multiplication takes place between the kernel array and the input sub-array of equal 

dimension. The output is summed up and thus the output array takes the equal shape as 
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that of the kernel. For example, the first element of the output matrix is calculated as = 

1*1+2*2+4*3+5*4=37. 

Many times the output array becomes much smaller after a series of convolutional 

operations. This may cause losing pixels on the boundary regions of input mages and this 

may also affect the classification task. Padding resolves this issue by adding extra pixels 

having 0 values around the boundary region of the input image. The output shape 

becomes [nh-kh+ph+1]*[nw-kw+pw+1] where the padding dimension is (ph, pw).  

 

Figure 12: A 2-Dimensional convolutional operation with padding  

In figure 12, the first element of the output matrix is determined by summing up the 

result of element-wise multiplication between the top-left sliding window and the filter 

array = 0*1+0*2+0*3+1*4=4. The same operation continues and the whole output matrix 

is formed accordingly.  

Another problem arises when the input image is too heavy. It may not be very easy to 

continue working with such unwieldy input. In these cases, strides help to reduce the 

resolution of the input image. Unlike the normal sliding operation where all the array 

elements are considered while convoluting, strides skip a few pixels and down-sample 

the image. 

  

Figure 13: A 2-Dimensional convolutional operation with padding and strides  
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In figure 13, convolution has started from the top-left corner as usual. A stride of 2 has 

been used for both the width and the height. Thus, when the second element of the first 

column has to be decided, two columns are skipped (0*1+4*2+0*3+7*4=36). Similarly, 

when the second element of the first row has to be decided, two rows are skipped 

(0*1+0*2+2*3+3*4=18). The typical output shape becomes [(nh-kh+ph+sh+1)/sh]*[(nw-

kw+pw+sw+1)/sw] where sh is the stride for height and sw is the stride for width. For 

multiple input and output channels, the same Sum of Products (SoP) form is being 

maintained. The output shape with ci as input and co as output channels is ci*co*[(nh-

kh+ph+sh+1)/sh]*[(nw-kw+pw+sw+1)/sw]. 

When the input passes through convolutional hidden layers, it is down-sampled by using 

pooling layers. There are mainly two types of pooling layers: Maxpooling calculates the 

maximum and Average Pooling calculates an average value from the pooling window, 

respectively.  

 

 

Figure 14: Maximum pooling with a 2X2 pooling window  

In figure 14, the first output element calculated as max (1, 2, 4, 5) = 5. This is an 

important technique of deep neural network as it automatically reduces the 

dimensionality of the input and keeps important features for the next iterations.  

2.5 Recurrent Neural Network 
Unlike CNN which does not have a memory, a Recurrent Neural Network (RNN) has a 

feedback loop that can memorize the earlier incidents. Thus, a recurrent network can 

learn from its previous iterations and may be defined as: 

𝐻  =  ∅(𝑋   𝑊 + 𝐻   𝑊 +  𝑏 )           … Equation 2.5.1 

In equation 2.5.1, Ht is the hidden state at time t; ø is the activation function; Xt, (t=1, …, 

T) is the mini-batch of instances with sample size n and d inputs at tth iteration; Wxh is the 
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weight parameter where h is the number of hidden states; Ht-1 is the hidden state from the 

previous time-step along with its weight parameter Whh; bh is the bias parameter.  

In equation 2.5.2, Ot depicts the output (q is the number of outputs): 

𝑂 = 𝐻 𝑊 + 𝑏                     ... Equation 2.5.2 

Figure 15: A simple Recurrent Neural Network [https://github.com/fchollet/deep-learning-with-python-

notebooks] 

In figure 15, each time-step is the output of the loop at time t. Each time-step t in the 

output tensor contains information about time-steps 0 to t in the input sequence.  

2.6 Conclusion  
In this chapter, various machine learning techniques have been discussed. Different ways 

of machine learning are also illustrated. A brief discussion on Artificial Neural Network 

(ANN) and Deep Learning Network (DNN) has been done. Different varieties of DNN 

have also been described. From the above discussion, it is evident that a deep neural 

network’s benefit is manifold. The present research work has formulated a novel deep 

learning model for the classification of malignant tumors. The model has used CNN as 

the pre-processing technology followed by RNN which learns from the past activity. The 

present research work has moved one step ahead where the model learns from the 

previous as well as future incidents. The present research work used both semi-automated 

and fully-automated methods of classification. In the semi-automated mode, traditional 

machine learning techniques along with ANN have been used. The DNN model 
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introduced in this respect is a one-dimensional Convolutional Neural Network (1D 

CNN). This CNN model is appended with a recurrent network model and this has made 

the model unique. No other model in the literature has ever used such a hybrid model in 

tumor classification. In the fully-automated mode, a two-dimensional CNN (2D CNN) 

have been used. Both sequential and non-sequential options have been exploited. With 

the sequential CNN model, a bidirectional recurrent model has been used. With the non-

sequential model, the same technique has been applied. These models are novel and have 

rarely been witnessed before. The outcome passes through the activation function and the 

most likely class has been predicted for every training and validation instances. Finally, 

the loss has been measured and updated accordingly to optimize it. Thus, the optimal 

model with minimum loss is developed and used for the prediction of malignant tumors. 

Once the prediction is done, the results have been evaluated by various metrics. The 

results have been compared with other models used in the study. The best possible semi-

automated and fully-automated options are finalized according to their performances. 

Both models can challenge any contemporary traditional and advanced models as far as 

tumor classification is concerned. 

 

 

 

 

  


