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9. Development of a Two-dimensional CNN Model

o far, the development process of a 1D CNN model has been discussed. Such a 

model is semi-automated as the features are being crafted manually. This model 

is useful when the hardware resources are scarce and users are dependent on 

When GPUs are available through advanced graphics cards or cloud services, 

users may switch to a fully automated system. The present research work has also 

developed such a system by introducing the same technique that has been used while 

developing the aforementioned 1D CNN model. The 1D CNN model is developed by 

using a combination of CNN and Gated Recurrent Unit (GRU) layers, whereas, in the 

fully automated model there is a subtle difference in implementation and technology

In essence, both the semi-automated and the automated CNN models have been 

developed by using the same technology. The difference is only with the implementation 

found conducive for the respective mode of implementations. 

dimensional Convolutional Neural Network technique has been used

Long Short Term Memory (LSTM) [157] – a more traditional 

Recurrent Neural Network (RNN). In particular, the model has been developed by 

combining CNN and bidirectional RNN (Figure 53). The bidirectional wrapper 

embedded in the model helps to fetch information both from forward and backward 

In this way, the model developed becomes more accurate and robust

: Structure of a typical bidirectional recurrent neural network with one hidden layer
https://d2l.ai/] 
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The second variety is a non-sequential recurrent ensemble of CNNs. Here, two important 

concepts have been merged and used together: inception or branched network [158] and 

residual [159] or reinjection of earlier layers. An inception model is a subgraph of 

convolutional layers with several parallel branches that learn spatial features separately 

and a residual connection is the reinjection of prior information downstream via feature-

map addition. In the inception model, each initial convolutional layer is a point-wise 

convolution which computes features that mix information across channels of the input 

tensor, but never mix information across space. In the residual model, even if the output 

of a layer becomes smaller after activation or down-sampling, it may be regenerated by a 

reinjection from the original layer output.  

9.1 Methodology 
A time distributed convolutional model having (h*w) input image array having c 

channels and k layers may be expressed as: 

ℎ  [i, j, k] = ∑ ∑ ∑   𝑤[𝑎, 𝑏, 𝑐, 𝑘].∆
∆ 𝑥[𝑖 + 𝑎, 𝑗 + 𝑏, 𝑐]∆

∆                    …Equation 9.1.1 

In equation 9.1.1, x [i, j] and h [i, j] represent an image and hidden state respectively; w 

stands for the weight parameter; a & b are offset belong to the range [-∆, ∆] for each 

pixel location (i, j); t is the time component across which the convolution takes place. 

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 kernel shape [kh*kw]. 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 9.1.1 may be re-written as equation 9.1.2 for describing the inception model: 

𝑂
( )

= 𝑓(𝑊
( )

𝑋 + 𝑏
( )

)                                                                            … Equation 9.1.2 

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

layer number; O is the output; i is the inception branch number and f (.) is the non-linear 

activation function.  

The residual layer may be enumerated as equation 9.1.3: 

𝑋 = 𝑂
( )

+ 𝑋                                                                                         … Equation 9.1.3 

The concatenation of inception and residual layers may be described by the equation 

9.1.4: 

𝑌 = 𝑔 ({𝐹  
 (𝑊, 𝑋)})                                                                                  … Equation 9.1.4 
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Where {Fj (.)} is the collection of output tensors emanating from j (j=1, 2… n; n>0) 

inception branches and gc is the concatenation operation w.r.t. axis c i.e. number of 

colour channels. This concatenated output has to pass through the timedistributed flatten 

layer which is necessary for initiating the timestep parameter required in the following 

recurrent layers. 

The output of time distributed CNN can easily be fed into an RNN. A recurrent network 

can learn from its previous iterations and may be defined as: 

𝐻  =  ∅(𝑋   𝑊 +  𝐻   𝑊 + 𝑏 )            …Equation 9.1.5 

In equation 9.1.5, Ht is the hidden state at time t; ø is the activation function; Xt is the 

mini-batch instance with sample size n and d inputs; Wxh is the weight parameter with h 

is the number of hidden states; Ht-1 is the hidden state from the previous time-step. Its 

weight and bias parameters are Whh and bh, respectively.  

In equation 9.1.6, Ot depicts the output (q is the number of outputs): 

𝑂 = 𝐻 𝑊 + 𝑏                …Equation 9.1.6 

Now, Long Short Term Memory (LSTM) [31] is a gated version of RNN that has been 

used along with a bidirectional wrapper. This will help the proposed model to learn from 

both sides, and the efficacy of the model will stay on the higher side. A typical LSTM 

may be described as: 

It = (XtWxi+Ht-1Whi+bi)                         …Equation 9.1.7 

Ft= (XtWxf+Ht-1Whf+bf)                         …Equation 9.1.8 

Ot=( XtWxo+Ht-1Who+bo)                         …Equation 9.1.9 

In equations 9.1.7, 9.1.8 and 9.1.9, It, Ft, Ot are the input gate, forget gate, and output 

gate, respectively. Inputs are processed by a fully connected layer with a sigmoid () 

activation function and all the gates lie within a range of [0, 1].  

Bidirectional RNN may be expressed as: 

�⃗�  =  ∅(𝑋   𝑊
( ) 

 
+  �⃗�   𝑊

( ) + 𝑏( ) )         …Equation 9.1.10 

�⃖�  =  ∅(𝑋   𝑊
( ) 

 
+  �⃖�   𝑊

( ) + 𝑏( ) )                    …Equation 9.1.11 

The recurrent nature of the model may be shown as: 

𝐻
( ) = f(𝑋 , 𝐻( ) )                        …Equation 9.1.12 

𝐻
( ) = f(𝐻( ), 𝐻( )  )                                  …Equation 9.1.13 
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𝑂  = g(𝐻( ))                         …Equation 9.1.14 

In equations 9.1.12, 9.1.13, and 9.1.14, Xt is the mini-batch input; t is the timestamp; l is 

the layer number; f is the layer activation function and g is the activation function for the 

output layer Ot. Here the forward and backward hidden states are merged to substantiate 

the hidden state 𝐻
( )and passed on as input to the next bidirectional layer. The final 

layers are given by the equations 9.1.15, 9.1.16 and 9.1.17: 

h=whOt+bh                                    …Equation 9.1.15 

o=woh+bo              …Equation 9.1.16 

The prediction may be measured as Ŷ=softmax (o)         …Equation 9.1.17 

In equation 9.1.17, Ŷi = (exp (oi)/j exp (oj)) and oi is the level of confidence for 

belongingness to category i. The loss is measured as the cross-entropy loss and is given 

by equation 9.1.18:  

l(Y, Ŷ) = - j Yj log Ŷj                        …Equation 9.1.18 

Softmax is the activation function for the final layer. 

9.2 Experiment 
In the present study, two varieties of Deep Neural Network (DNN) have been tried. The 

first one is a typical sequential supervised Spatio-temporal method containing a hybrid of 

time distributed CNN and bidirectional RNN. The second one is a non-sequential 

recurrent ensemble of DNN. As bidirectional RNN needs data from both forward and 

backward pass, the bidirectional LSTM layers are preceded by hidden time distributed 

conv2D layers and succeeded by flattened dense layers. Many of the data pre-processing 

like feature selection, or segmentation are accomplished implicitly by the convolutional 

layers. Such as edge detection is done by using the sobel filter. Maxpooling layers down-

sample the feature set to have fewer numbers of dot products along the spatial 

dimensions. The output of the convolutional layer is flattened and fed into the 

bidirectional LSTM layers and the output is injected in a dense layer which is succeeded 

by the fully connected layer. Softmax activation function measures the probability 

distribution, and the loss is measured by categorical cross-entropy. All the codes are 
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written and implemented by using Python 3.6.8 (IPython 7.5.0) on CPU cores of an 

Intel(R) Core(TM) i5-3230m CPU @ 2.60GHz processor (x64 based processor)8. 

The same line of an experiment as that of 1D CNN has been followed while developing 

the desired two dimensional CNN model. All the images are resized to 64*64 for better 

memory utilization. After getting converted to pixel array, the input dataset typically 

takes the shape of rank 4 tensor: (number of samples, image height, image width, number 

of color channels). From the available clinical data, the AJCC label corresponding to 

each tumor has been tied with the respective image array. The whole dataset has been 

compressed and loaded for the experiment. The class imbalance issue has been addressed 

by Synthetic Minority Over-Sampling (SMOTE). 

 

 
 
 
 
 
 
 
 
 

 

 

 

 

 

 

 

 

 

 

Figure 54: Structure of the CNN-BiRNN model ensemble with sequential image input to the time 
distributed convolutional layer for applying CNN layer to every temporal slice of the input 

                                                           
8 Tools & platform have been selected based on author’s publication no. 1 & 2 [Appendix C] 
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In the present study, three key sequential models are used. The first one is the single 

CNN+BiRNN model (Figure 55) which is the combination of Convolutional Neural 

Network (CNN) and the Bidirectional Recurrent Neural Network (BiRNN). During the 

training phase, best models are saved and later ten such best models are averaged to form 

the CNN+BiRNN ensemble (Figure 54). Another model used is a simple CNN model 

having similar architecture to the proposed CNN+BiRNN model (Figure 56). 

 
Figure 55: Structure of a single CNN+BiRNN model used in the study 

 

The single CNN+BiRNN model comprises three time-distributed conv2d layers with 

filters, 64, 32, and 16 respectively. Conv2d layers have ReLU as a layer activation 

function with the default padding and strides. Each conv2d layer is followed by a time-

distributed maxpooling layer and before inserting in bidirectional LSTM, the output is 

vectorised by a time-distributed flatten layer. There are two bidirectional LSTM layers 

with kernel 32 and 64, respectively. Recurrent layers are followed by a fully connected 

dense layer having filter 128. At last, there is an output layer. The CNN+BiRNN model 

ensemble has the same architecture like that of the single CNN+BiRNN model. The 

simple CNN model has three conv2d layers with kernels 64, 32, and 16, respectively. 

Unlike the CNN+BiRNN model, it does not have recurrent layers; instead, it has two 
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succeeding dense layers with kernel 32 and 64, respectively. Then there is a flatten layer 

followed by a fully connected dense layer having kernel 128. All the dense layers are 

followed by maxpooling layers. In the end, there is the output dense layer.  

While experimenting, a 10-Fold Stratified Cross-validation is employed on the dataset. 

The cross-validator repeats itself 10 times with different randomization. This ensures that 

the train and test split has the minimum correlated data. The test class is converted into 

categorical and the dataset is normalized by rescaling. Hyper-parameters used are: batch 

size=128, learning rate=1e-1, optimizer=Adam. The experiment is carried out for 5000 

epochs with early stopping callback with patience value =200. The best models are saved 

and later an average ensemble of ten such best models is formed. The ensemble model is 

executed with 10-Fold Repeated Stratified Cross-Validation. The simple CNN model is 

executed with 10-Fold Cross-Validation and other parameters remain the same as that of 

the CNN+BiRNN model. 

 

Figure 56: Structure of a CNN having architecture similar to the CNN-BiRNN model 
 

The simple CNN model, the single CNN+BiRNN model, and the CNN+BiRNN model 

ensemble have also been employed to classify NSCLC histological subtypes (Author’s 

second full paper as listed in Appendix E). Among them, the CNN+BiRNN model has 
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performed satisfactorily. Similar models have been applied here to figure out the stages 

and grades of the varied mixed of tumor images. As experiments continue, the need for 

preserving the features are cropped up. After thorough inculcation of the existing 

techniques, it has been felt that there has to be some way to retain strong features as the 

downsampling continues through iterations. This has paved the way for breeding a non-

sequential counterpart of the CNN+BiRNN model ensemble.  

 In the case of the non-sequential model (Figure 57), the input tensor is fed 

simultaneously into three parallel inception branches of varying layers and kernels. The 

first branch starts with a (1X1) pointwise convolution layer with filter size 32 followed 

by a (3X3) conv2d layer with filter 16. These layers are succeeded by batchnormalisation 

and maxpooling layers. The second branch also starts with a (1X1) layer having filter 32 

followed by a (3X3) conv2d layer with filter size 8. These are followed by 

batchnormalisation and maxppoling layers. The third branch starts with a maxpooling 

layer and it is followed by a (3X3) conv2d layer with filter size 8. These layers are 

succeded by batchnormalisation and maxpooling for layer normalisation and 

downsampling spatial features (Figure 58). The third branch is continued with another 

(5X5) conv2d layer with a filter 16 and is being reinjected by a residual layer of (1X1) 

having filter 16. The input to the residual layer is input from the third branch. This acts as 

the fourth branch of the model. All the branches are concatenated and flattened by a 

timedistributed flatten layer. The flatten layer output is passed through two bidirectional 

LSTM layers and one fully connected dense layer having kernels 16, 32, 64, respectively. 

At last, the output dense layer calculates the class score by using the softmax activation 

function. The optimizer used is adam with a learning rate 1e-4, and each conv2d layer is 

regularized by L2 or euclidean norm. The loss is being measured by using categorical 

cross-entropy. Default padding nad strides have been used in the model. 
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Figure 57: Non-sequential model as a combination 
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sequential model as a combination of inception, residual, and recurrent techniques 
 



 103  
 

 

Figure 58: Sample of spatial features extracted by the non-sequential CNN model 

9.3 Evaluation 
Like the evaluation strategy followed for the 1D CNN, similar metrics have been used to 

examine the efficacy of the newly developed 2D CNN model. Parameters like F1 Score, 

kappa statistics, ROC-AUC score, etc. have been employed. While evaluating each 

model, the runtime information has been recorded and their mean performance indicators 

along with respective standard deviations have also been tabulated. Graphical evaluation 

of each model’s performance during the training and validation phase has also been done. 

The pictorial comparison makes it easier to understand the performances of various 

models under consideration.  

9.4 Conclusion 
In this chapter, the development process of a 2D CNN has been described. The 

methodology followed, experiments carried out, and evaluation techniques adopted has 

been discussed. The experiments have started with a simple CNN model and ended up 

with a complex non-sequential recurrent CNN model. All the results retrieved are 

compared to select the final model for tumor classification. 


