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Abstract - In this paper, an algorithm is developed called Velocity Enhanced Whale Optimization Algorithm (VEWOA) to 
explore for better solution in high dimension space. Breast cancer, lung cancer and cervical cancer diagnosis and 
classification is done by hybridizing Artificial Neural Network (ANN) with the developed algorithm. The results shows the 
dominance of the VEWOA-NN by experimenting with breast cancer, cervical cancer and lung cancer dataset and comparing 

with Whale Optimization Algorithm (WOA). Robustness of proposed method is validated by calculation of the CCR 
(Correct Classification Rate),confusion matrix and ASCE (Averaged Square Classification Error). 
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I. INTRODUCTION 

 
Today in this world cancer disease is one of the most 

significant health problem in public. In world health 

organisation the international agency of research says 

that 8.2 million deaths occurred due to cancer and 

before 2030 around 27 million new cases are 

expected for this disease [1]. Higher accuracy in 

diagnosis of breast cancer is shown in SVM with 

feature selection [2]. The behaviour of musicians is 

mimicked using an efficient bio-inspired algorithms 

i.e. harmony search to get the ultimate tune [3, 4]. 

Breast cancer diagnosis done using Rough Set based 
support vector machine (RS-SVM) classifier helps in 

reduction of redundant feature as well as improves 

the diagnostic accuracy [5]. Soft computing 

techniques are popular due to their distinctive 

capacity for extracting hidden patterns [6]. Diagnosis 

and prognosis of breast cancer disease is done by the 

classifier based on support vector machines (SVMs) 

which is also compared with ANNs and Bayesian 

classifier [7]. The Radial basis function neural 

network (RBFNN) are different models which are 

extensively used in the arena of medical science [8]. 

 

II. PROPOSED METHOD 

 

Before knowing about Velocity Enhanced Whale 

Optimization Algorithm (VEWOA) firstly Whale 

Optimization Algorithm (WOA) is discussed briefly. 

WOA is a simple method while updating search 

agent‟s position and exploring global solutions. 

VEWOA is a new optimization algorithm which is 

proposed that improves convergence speed of WOA, 

reliability of search and the solution accuracy. 

 

 

2.1 Woa 

WOA is an inspiration from the bubble-net hunting 
performance of whales. In this method whales act 

swarm. The main goal of WOA is to get a global 

optimum (maximum or minimum). The random 

solution set is prepared first, then the upgradation is 

done until the stopping criteria is found. Prey whales 

creates a helix structured path into which the bubbles 

are followed so that the position of prey is found. To 

update the position repetition of the same process is 

done blinking between encircling mechanism and 

spiral models. The probability to update the position 

is 0.5. 
The detailed method is discussed as follows: 

 

2.1.1 Shrinking Encircling Preys: In this step the 

present position of the search agents are updated. 

According to the equation 1-4 the position is updated 

with respect to the best candidate solution. 

 

K(p+1)= K*(p)– B × C   (1) 

 

C = |D × K*(p) – K(p)|   (2) 

 

B = (2×b).m – b    (3) 
 

D = 2 · m    (4) 

 

K* = best position; K = position of whale; p= present 

iteration. 

B and D are coefficient vectors 

b = linearly decreasing from 2 to 0 above the 

progression of iterations 

m= random number [0, 1] 
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2.1.2 Spiral Bubble-Net Feeding Manoeuvre: The 

equations given below are used in an alternative 
manner between the position of whale and position of 

prey to mimic the helix structured movement of 

whales [8]. 

 

K(p+1)= ean ×cos (2πn) × C′ + K*(p) (5) 

 

C′= | K*(p) – K(p)|"   (6) 

 

b = a constant that defines shape of logarithmic spiral 

n= random number [−1, 1]. 

 

2.1.3 Global Exploration: In WOA the search agent 
position is updated on the basis of random search 

agent rather than of best agent. The door for global 

exploration is thus opened and hence there is a 

contribution to the randomness of the algorithm. This 

occurs when the value of A is not equal to one. 

 

K(p+1) = Krand − B ×C′′   (7) 

C′′ = |D×Krand– K|(8) 

 

Where, Krandin the present iteration is arbitrarily 

designated from whales [9]. 
 

2.2 Vewoa 

In this whales with individual velocity act as pool of 

fishes. PSO uses this type of idea in which each 

velocity takes the particle to a potentially better 

optimum solution[10 11]. Hence,informing the 

original score of each particle in each of the iterations 

as their position are grounded on the overall position 

of pest. 

 

Ti+1 = y*Ti + k1*t1* (Lbest- Li) + k2*t2 (Mbest- Li)   

    (9) 
Li+1 = Li + Ti+1    (10) 

Lbest = personal best particle of M 

Mbest = global best 

K1, k2 = constants so that k1+k2<=4 

t1, t2 = random numbers 

y = coefficient of inertia 

 

The particle‟s position are updated according to 

equation (9) and (10) as per the Spiral bubble-net 

feeding maneuver as described below. 

Li+1 = Lrand–B.D    (11) 
Lrand = search agent selected randomly. 

 

2.3 Vewoa Trained Ann 
In this section our proposed method is discussed. The 

neural network used contains a bias between the 

hidden layer and input layer, one hidden layer node 

with initial connection of weights. Each search agent 

is act as one dimensional vector with three 

components. 

i) Weights assigned between information layer 

and hidden layer. 

ii) Biases 

iii) Weights assigned between output layer and 

hidden layer. 
 

Each search agent are associated with weight and 

bias, then it is proceeded to get the optimal solution. 

The VEWOA trained Neural Network can be given as 

follows: 

i) Initialization: In this each agent is assigned 

with the random number of weights and 

bias. 

ii) Evaluating fitness: In this the optimal 

number of weights and biases are created 

according to the minimized Mean Squared 

Error (MSE) that is treated as fitness 
function. 

iii) Updated position: Accordingly the position 

of the whales are updated. 

Step ii and iii are repeated till the stopping criteria is 

attained. 

 

III. Results And Discussion 

 

The dataset of Wisconsin Breast Cancer is available 

in database at [12]. The database contains 9 

parameters. The cervical cancer dataset has been 
collected from „hospital universitario de caracas‟ in 

Caracas, Venzuela. It is available at [13]. It has 858 

number of instances and 36 attributes. The lung 

cancer data was published in [14]. The donor of this 

dataset is Stefan aeberhard [15]. The number of 

instances are 32 and number of attributes are 57. 

To evaluate the performance of  the proposed method 

three datasets have been taken. The data have been 

divided in the ratio of 70-30 for training and testing. 

The datasets have been normalised in the range [0,1]. 

The  formula for min-max normalisation is as 

follows: 

Ynormalised =
Yoriginal −Yminimum

Ymaximum −Yminimum
(12) 

 

The performance is credited by the following 

parameters. 

i) Correct Classification Rate (CCR) 

CCR=
No .of  accurately  classified  patterns

Total  no .of  patterns
(13) 

ii) Average Squared Classification Error (ASCE) 

ASCE =
 (nk−cc k )n

i=1

N

𝟐

  (14) 

n = number of observations in class k, cck = number 

of appropriately classified observations in class k. 

The best of all the networks is the one which has 

smallest ASCE and highest CCR. A confusion matrix 

is constructed where the elements in the diagonal are 

correctly classified and those which are not on 

diagonal are not. 
iii) Time of execution (Computational cost):  It is 

the time required to execute the classifier. 

The normalised data are first treated with WOA and 

then VEWOA. A comparative study is also provided 

to show the dominance of VEWOA over WOA. 

Table 1 depicts the values of the performance 
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parameters. Table2,3 and 4 describe the confusion 

matrix and table 5describe about the classification 
accuracy. Figures 1,2 and 3 present the comparison of 

MSE between WOA-NN and EWOA-NN for 

different datasets. 

 

IV. DETAILS OF DATASET: 

 

The dataset of Wisconsin Breast Cancer is available 

in database at [12]. The database contains 9 

parameters. The cervical cancer dataset has been 

collected from „hospital universitario de caracas‟ in 

Caracas, Venzuela. It is available at [13]. It has 858 

number of instances and 36 attributes. The lung 
cancer data was published in [14]. The donor of this 

dataset is Stefan aeberhard [15]. The number of 

instances are 32 and number of attributes are 57. 

The experiment is performed for 100 iterations. The 

output is assumed to be 0 (for benign) or 1(for 
malignant). The results are shown by calculating 

mean and respective standard deviation. In addition, 

the graphs of ASCE vs Standard deviation of ASCE 

and mean of CCR versus its standard deviation of 

CCR are constructed to reach the conclusion. In 

addition to tables, graphs are also provided for better 

understanding. In the graph of the mean of CCR 

versus its standard deviation, the best classifier will 

be at lower right corner. The tables contain various 

fields namely number of parameters, mean Time in 

seconds, mean CCR and also mean ASCE with 

Standard deviation. The best of each field is given in 
boldface. 

 

DATASET 
Classification 

Model 

No. of  

Parameters 

Time in Seconds 

(Mean) 

Time in seconds 

(SD) 

CCR 

(Mean) 

CCR 

(SD) 

ASCE 

(Mean) 

ASCE 

(SD) 

WBC Breast 

cancer 

WOA-NN 9.000 2.621 0.514 0.845 0.019 0.908 0.206 

VEWOA-NN 9.000 2.84 0.751 0.982 0.022 0.851 0.761 

Cervical cancer 
WOA-NN 35.000 5.342 0.314 0.884 0.020 0.807 0.107 

VEWOA-NN 35.000 5.512 0.412 0.981 0.042 0.612 0.094 

Lung cancer 
WOA-NN 56.000 0.751 0.382 0.941 0.715 0.169 0.015 

VEWOA-NN 56.000 0.821 0.524 0.847 0.841 0.114 0.003 

Table1.The external validation results 

 

CLASS "BENIGN" "MALIGNANT" % Classification 

"BENIGN" 450 12 98.2 

"MALIGNANT" 4 237 98.3 

Table 2. The confusion matrix obtained from VEWOA trained NN in WBC 

 

CLASS "BENIGN" "MALIGNANT" % Classification 

"BENIGN" 793 10 98.7 

"MALIGNANT" 6 49 90.7 

Table 3. The confusion matrix obtained from VEWOA trained NN in cervical cancer 

 

WBC Breast cancer 
WOA-NN 84.5 

VEWOA-NN 98.2 

Cervical Cancer 
WOA-NN 88.4 

VEWOA-NN 98.1 

Lung Cancer 
WOA-NN 94.1 

VEWOA-NN 84.7 

Table 5: Classification Accuracy 

 

 
Fig1: comparison of MSE for WOA-NN and VEWOA-NN for 

WBC dataset 

 
Fig2: MSE comparison between WOA-NN and VEWOA-NN 

for cervical cancer dataset. 
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Fig3: comparison of MSE between WOA-NN and VEWOA-NN 

for lung cancer 

 

V. CONCLUSION 

 

Cancer is one of leading causes of deaths today. Even 

though we have tried highly progressive techniques 

and have taken the help of many skilled radiologists 

early finding is still unbelievable dream. Treatment 

and diagnosis of cancer has led to increase the 

lifespan of patients in the best possible method. Early 

detection is the main aim of the proposed method, 

thus assisting the medical institutes. Highest priority 

is given to early detection as an undetected tumour is 
fatal. In this study we have proposed a technique for 

detection of malignant tumours. The classification 

accuracy is 98.2% in breast cancer, 98.1 in cervical 

cancer, and84.7% in lung cancer. Further accuracy is 

achieved by increasing the number of iterations and 

hidden layer nodes. 
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