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ABSTRACT 

In neural networks, training a network with a large datasets put a heavy load to computation time and does not 

guarantee networks accuracy. As dataset may contains outlier or missing value that leave a gap that possibly cause the 

overall shape of dataset to be affected during training session. A datasets with too limited data points or too much data 

points is not an optimal size for training the neural network. Hence, suitable size is requires ensuring the neural network is 

trained using optimal dataset size which able to reduce computational time and does not affect the accuracy significantly. 

This paper presents a dataset size reduction formula that can provide suitable number of training dataset size for the neural 

networks and does not affect the accuracy significantly. The formula derived from the Fibonacci retracement that has been 

reported its usage in many literatures. The experiments were performed on four literatures function and four real-world 

datasets to validate its efficiency. The experiments tested on groups of dataset with their data reduce from 0 percent to 95 

percent with 5 percent step size. The results are compared to proposed method for root mean square error (RMSE) and time 

usage in radial basis function network (RBFN). The proposed method yielded a promising result with an average over 50 

percent reduction in time usage and 20 percent in RMSE. 

 
Keywords: neural networks, dataset size reduction, training data, radial basis function network. 

 

1. INTRODUCTION 

Neural networks (NN) as an approximators need 

to go through a series of learning process, consists of 

different steps such as; building a training set, training the 

network system, then testing its curve behavior, and 

finally approximate the unknown values. During training 

process, NN using a distance based rule as approximator, 

i.e. Euclidean distance, where each sample points are 

calculated in relative to a set of random center select from 

the sample dataset. The main problem is that the distance 

calculation requires long time to connect each sample 

points to each center during training process. Such 

problem occur due to NN rule presents some space 

deficiency when the number of input vectors reaches the 

available resources, since all samples are stored in a 

memory. Hence, to fix such deficiency, such large number 

of training set can be reduced, and this would shorten the 

time taken for each new distance calculation, while 

minimize the resources memory usage.  

This paper focused on reducing the training set 

size without inflicting a significant loss in approximation 

accuracy. The formula proposed in this paper aims to 

reduces training dataset size while maintaining sufficient 

samples that significantly interpret the form or dispersion 

of a model of the problem. A new formula that able to 

reduce the sizing of a training dataset for NN while 

maintaining similar levels of accuracy in approximation 

results equally to entire training set is applied. The 

proposed formula reduce the number of training dataset 

size by calculating the total training dataset size with 

Fibonacci retracement ratio and sum it with a bias size. 

The experiments are performed on 4 functions from 

literatures which consist of 1-dimension to 5-dimensions 

inputs, and 4 real-world datasets. The experimental results 

present that the formula able to significantly reduce the 

sizing of a training dataset while maintaining similar or 

better accuracy of approximation as when the whole 

training dataset is used. 

 

2. RELATED WORKS 
One of the best features of neural networks is its 

ability to generalize and approximate a sample data 

without the need of specify equation and coefficients, 

particularly when an unknown model describing an 

unknown complex relation and training data abundant. 

Due to their ability to generalize substantially, Radial 

Basis Function networks (RBFN) are usually selected for 

this purpose (Arteaga & Marrero, 2013; Kavaklioglu, 

Koseoglu, & Caliskan, 2018; Lin, 2016; Majdisova & 

Skala, 2017; Smolik, Skala, & Majdisova, 2018). 

Furthermore, in this big data era, many domains such as 

image processing, text categorization, biometric, 

microarray, etc. had the size of datasets so large, that real-

time system requires long time and memory storage to 

process them.  

Under such conditions, approximation task using 

available datasets can become a challenging task and 

difficult. This problem is more challenging in distance 

based learning algorithms such as neural network 

(Albalate, 2007; Haykin, 1994; Smolik et al., 2018), 

nearest neighbor (B. Dasarathy, 2002; B. V. Dasarathy, 

1991), clustering method (Jȩdrzejowicz & Jȩdrzejowicz, 
2016; Kirsten & Wrobel, 1998; Liu, Zhang, Zhang, & Cui, 

2017) and support vector machine (Dahiya, 2014; 

Sebtosheikh & Salehi, 2015; Wang, Li, Liu, Zhang, & 

Zhang, 2014).  

By default, the NN algorithm must search 

through all available training samples which requires large 

memory, and performs distance to center calculation, 

which is slow during training of NN for approximation 

mailto:e.a.lim80@gmail.com


                                VOL. 14, NO. 1, JANUARY 2019                                                                                                              ISSN 1819-6608 

ARPN Journal of Engineering and Applied Sciences 
©2006-2019 Asian Research Publishing Network (ARPN). All rights reserved. 

 
www.arpnjournals.com 

 

 
                                                                                                                                                   53 

purposes. Additionally, due to NN stores all samples 

distances for training datasets, thus, noise distances are 

stored as well, which can cause degrade in approximation 

accuracy. In early 90s, a team of researcher led by Foody 

(FOODY, McCULLOCH, & YATES, 1995) study the 

effects of training set size on NN classification accuracy. 

Their finding shows higher classification accuracy does 

not need large dataset, instead, NN only need important 

data samples that can represent the overall shape or picture 

of the case. This fact is supported by Zhou et al. (Zhou, 

Wei, Li, & Dai, 2004) and Roy et al. (Roy, Leonard, & 

Roy, 2008) in their literatures that mentioned the accuracy 

of model during training does not increase along the 

increase of training set size (Ougiaroglou, Diamantaras, & 

Evangelidis, 2017).  

From enormous proposals to tackle this problem, 

conventional methods rely on removing some training 

datasets, in which they refer as dataset reduction. From the 

90s, Gerardo and Perez (Gerardo & Perez, 1998) proposed 

a stratified sampling approach to reduce training dataset 

size. However, their approach does not have mathematical 

algorithm for further improvement. In early 20
th

 century, 

Lozano team (Lozano, Sánchez, & Pla, 2003) reported the 

approach of dataset reduction using NCN-based 

exploratory procedures. The approach obtained strongly 

reduced training dataset with good accuracy in 

classification test. Sanchez (Sánchez, 2004) in his 

independent research, discovered a new approach to 

reduce training dataset using prototype generation and 

space partitioning that yield good results. However, the 

algorithm involves complicated calculation that is not 

easily understandable by regular researcher. 

In a literature by (Ougiaroglou & Evangelidis, 

2012), proposed an effective data reduction algorithm that 

could lower the preprocessing cost and memory 

requirement with no significant change in accuracy using 

homogeneous clusters method. The algorithm of this 

method go through several process such as classify the 

centroid, calculating mean vector to each centroid, and 

apply k-means clustering to obtained the requires dataset 

size. In the same period, Juan et al. (Rico-Juan & Iñesta, 

2012) also proposed method that uses nearest neighbor 

ranking method for selecting best training dataset samples. 

This approach requires multiple run in several algorithms 

to obtain the reduced datasets. Wang et al. (Wang et al., 

2014) proposed a bootstrap sampling based data cleaning 

to reduce dataset size. The approach manage to reduce 

support vector machine training time, however, the 

process time requires to reduce the dataset size is not 

consider in the overall operation. In literature by Mohsen 

et al. (Mohsen, Kurban, Jenne, & Dalkilic, 2014), 

proposed random forest approach to reduce the training 

dataset size. The algorithm involves display similar 

behavior as clustering algorithm but with more rules in 

compared to common clustering algorithm such as k-

means clustering algorithm. Dahiya (Dahiya, 2014) and 

Shayegan et al. (Shayegan & Aghabozorgi, 2014) 

proposed using support vector in reducing training datasets 

size.  

In conventional use learning and simulation 

cases, many practitioners believe increasing the training 

datasets size amends the performance of learning 

algorithm and accuracy. It is proven that the phenomenon 

is not true in general for any learning algorithm and data 

distribution (Yousef & Kundu, 2014). This finding 

motivated our work and keeps us right on track to obtain 

the best size of dataset, a formula is necessities.    

Fuangkhon team reported an algorithm for 

selecting the best sample points for representing the shape 

of a curve for approximation problem applying least 

boundary vector distance selection (Fuangkhon & 

Tanprasert, 2014). This algorithm yield good 

approximation accuracy, but the procedures of calculation 

is complicated to accomplish. Moreover, Chatchai 

proposed a more simple way to reduce training dataset by 

using Geometric Median calculation (Kasemtaweechok, 

2015). However, this approach not suitable for NN 

training as it reduces about 90% of the datasets size. Too 

little training dataset is not suitable for approximation use 

(Ougiaroglou et al., 2017; Yousef & Kundu, 2014). Lastly, 

Varin et al. (Chouvatut, Jindaluang, & Boonchieng, 2015) 

proposed optimum path forest method for dataset 

reduction. However, this approach is only applicable for 

classification case and not for approximating a data model. 

All the literatures mentioned focus only on 

algorithms for reducing the dataset size and selecting the 

best point from it. None of the literatures proposed a 

mathematical formula that can directly determine the 

optimal datasets size without have to gone through 

complicated algorithm. Hence, in this paper, the proposed 

formula applies to approximation or prediction problems, 

that is, problems that require the dependent variable be 

predicted based on the values of independent variable.  

The next section begins describing the 

formulation forming of proposed formula. In section 4, the 

proposed formula is applied in literatures function and 

real-world datasets, then the reduce datasets are used in 

RBFN for approximation accuracy test. The results of 

RBFN are presented and discussed. Section 5 conclude the 

findings and discussed some future work that would help 

in improving the mathematical formula. 

 

3. THE PROPOSED METHODS 

 

3.1 Data reduction formula 

Fibonacci numbers often appear in many aspect 

of nature e.g. organization of leaves on a stem, shell 

formation, the branching of trees and our finger length. 

Fibonacci sequences and ratio also applied in many 

scientific fields such as stock trading (Bhattacharya & 

Kumar, 2006; Brown, 2012; Gaucan, 2011; MacLean, 

2005), machine learning (Iqbal, Ghazali, & Shah, 2018) 

and statistical analysis (Kumar, 2014; Naka, Ino, & 

Kohmoto, 2005).   

In term of mathematic, Fibonacci ratio is obtained 

by dividing any Fibonacci number by the Fibonacci 

number one place higher in the sequence, that is, 
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with the general term of Fibonacci sequence as derived by 

Gaucan et al. (Gaucan, 2011) given as, 
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and when n  from equation (1), then the value of 

ratio obtain is, 
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Thus, the common Fibonacci ration is derived as 

1
0.618

g
F


    

g
F  is the Fibonacci key ratio which also refer as 

golden ratio, obtain by dividing any number in the 

sequence by the number that immediately follows it. 

Hence, from the literatures by Gaucan et al. (Gaucan, 

2011), all the other ratio identified are 0.236, 0.382, 0.500, 

0.618 and 0.784.  

Based on the ratio and from literature findings by 

Iqbal et al. and Bhattacharya and Kumar (Bhattacharya & 

Kumar, 2006; Iqbal et al., 2018), that the data retrace 

accordance to Fibonacci ratio, we proposed a formula for 

data reduction 
data

S  as follows: 

 

data ratio data data
S F N                                              (3) 

 

where 
ratio

F  represent the Fibonacci ratio mentioned, 

data
N  as the total number of dataset, and 

data
  is the 

number dataset for marginal correction during Fibonacci 

retracement in the dataset. 

Generally, the training dataset for neural 

networks consists of predictor and responder. Predictor is 

used to predict the responder value. According to findings 

in literatures (Brenner & Maier-Paape, 2016; Chih-Wei 

Hsu Chih-Chung Chang & Lin, 2010; Loh Wei-Yin & Yu-

Shan Shih, 1997), the best splits used for dataset marginal 

correction is 5. Hence, 
data

  is formulate as, 

 

5

data
data

data

N

A
                                                                (4) 

 

where data
A  is the number of predictor attributes in 

datasets. The responder attribute is not consider in data
A . 

In summary, the final form of the formula for 

data reduction 
data

S  after substitute equation (4) into 

equation (3) can be expressed as follows: 

 

5

data

data ratio data

data

N
S F N

A
                                           (5) 

 

3.2 Radial basis function network 

The radial basis function network (RBFN) 

basically have three layers (Broomhead & Lowe, 1988; 

Lei, Ding, & Zhang, 2015). The first layers utilize the 

input patterns and connects the networks to its 

environment. The hidden layer, which is the second layer 

in the network, and its neurons hold radial basis activation 

functions. Lastly, the output layer of a RBFN is equal to 

the weighted sum of the hidden neurons responses, which 

is expressed as follows: 

 

  0

1

,   1,2,3,...,
n

j ij i i j

i

y w x c b j n


            (6) 

 

where n is the number of hidden nodes, x is the input 

vector; 
i

c  represent the center of the i-th hidden node; 

ij
w  is the weight of the i-th hidden node;  

i
  is the radial 

basis function with 
i

c as its center; and 
0 j

b represent the j-

th node of output layer. 

Note that from the input to hidden layer, the 

mapping is nonlinear, whereas it is linear from hidden to 

output layer. Moreover, Gaussian function (equation (7)) 

was use as the radial basis function with a simple 

Euclidean distance was utilized for determining the input-

to-center distance. 
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where x represent input vector; i
c  is the center of the i-th 

hidden node, and 0   is the spread value, by default is 

predefined as 1.  

Here, the RBFN was trained via NEWRB 

function found in MATLAB based on Demuth (Demuth, 

2002) syntax as given below: 

 

net = newrb(P,T,GOAL,SPREAD,MN) 

 

where P,T,GOAL,SPREAD, MN and DF each represents 

the input or predictor vector, output or response vector, 

error goal, spread value of  i
x and maximum number 

of neurons and neuron numbers, respectively. All training 

for RBFN was in default values setting in predefined in 

NEWRB. 

The performance of the RBFN for different types 

of dataset and dataset sizes was assessed and discussed in 
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following section. The performance of the created RBFN 

model with the new unseen data was assessed with two 

calculated values. Root mean square error (RMSE) was 

used to evaluate the prediction accuracy and express the 

average model prediction error (equation (8)), and the time 

taken for training the RBFN to show the speed of 

computation involves with dataset sizes. 

 

 2

1

1 n

i i

i

RMSE O P
n 

                                         (8) 

 

where n is the number of predicted responder; 
i

O  is the 

target value for time-step i, and 
i

P  is the predicted value 

of the model at time-step i. 

4. RESULTS AND DISCUSSIONS 
The proposed formula was tested using 4 

nonlinear function from literatures, which are Santner et 

al. (Santner, Williams, & Notz, 2003) function given in 

equation (9), Lim et al. (Lim, Sacks, Studden, & Welch, 

2002) function in equation (10), Dette and Pepelyshev 

(Dette & Pepelyshev, 2010) function in equation (11), and 

Friedman (Friedman, Adaptive, & Splines, 1991) function 

in equation (12). For all these 4 functions, the training set 

for RBFN consists of 400 sets of random generated data 

points and test set comprises of 400 sets of random 

generated data points, both in range of [0,1].  

 

 ( ) exp( 1.4 )cos(3.5 ),  0,1f x x x x                (9) 

 

         1 1 2

1
30 5 sin 5 4 exp 5 100 ,  0,1 ,  1,2.

6
i

f x x x x x i                                                           (10) 

 

         2 2 22

1 2 2 2 3 34 2 8 8 3 4 16 1 2 1 ,  0,1 ,  1,2,3.
i

f x x x x x x x x i                                      (11) 

 

       2

1 2 3 4 510sin 20 0.5 10 5 ,  0,1 ,  1,2,3,4,5.
i

f x x x x x x x i                                                    (12) 

 

The proposed formula also was tested on 4 real-

world datasets for its performance. The Biochemical 

Oxygen Demand (BOD) concentration dataset, 

phytoplankton growth rate and death rate dataset and 

Texas air pollutant dataset were obtained from Aik and 

Zainuddin (Aik & Zainuddin, 2008). Another which is the 

dataset from forex for EURUSD pairs is collected from 

XM Metatrader 4 database (XM Global, 2018).  

The BOD dataset and phytoplankton dataset both 

consists of 100 sets of data and the test set comprises of 

100 sets of data. Meanwhile, for Texas air pollutant 

dataset, the training set has 480 sets of data and the test set 

has 72 sets of data which both were taken from hourly air 

data. For EURUSD pairs, the training set consists of 519 

sets of data taken from year 2016 to end of year 2017. The 

test set consists of 155 sets of data taken from early year 

2018 to August 2018. 

The experiments was designed by reducing the 

dataset size from the total training dataset size according 

to percentage start from 0 to 95 percent reduction of 

dataset, with the percentage step size of 5 percent each. 

Then, the proposed formula is tested with different 

Fibonacci ratio as mentioned in Section 3.1. Each 

Fibonacci ratio is label “F_ratio” format so one can easily 

identified the ratio used for the test.    

 

 
 

Figure-1. Overall time (in second) usage for RBFN training for each dataset. 
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In Figure-1, it is observed that the time usage for 

training RBFN decreases with bigger data reduction. 

Meanwhile, the increase in Fibonacci ratio obtained higher 

time usage was observed. Clearly, the reduction in time is 

significant with data size shrinkage. However, the 

difference is minor after percentage of data reduction 

reach over 50 percent. All five Fibonacci ratios with the 

proposed method outperformed the 20 to 0 percent 

reduction groups. Moreover, even the most poorly 

performed in the proposed method group that is, F_0.764, 

obtained significant reduction in time about 51.77 percent 

compared to full data used in training RBFN.    

 

 
 

Figure-2. Overall RMSE value for RBFN training for each dataset. 

 

Figure-2 showed that the groups from range 55 to 

95 percent got spike up in RMSE values. While for the 

proposed group, only F_0.236 has the spike in RMSE 

values. Since the main concern for RBFN is about 

prediction, which indicate accuracy lead the time usage. It 

is necessary to exclude some data reduction size group to 

further investigate the performances of proposed method. 

The criterions to exclude a group in here are high score in 

RMSE value and time usage. Based on results in Figure-2, 

the groups of percentage range from 55 to 95 percent and 

F_0.236 must be excluded for further investigation. Then 

from Figure-1, the groups from range of 0 to 20 percent 

are excluded as they attained high time usage in RBFN 

training compared to other groups.  

 

 
 

Figure-3. Comparison chart for time usage in RBFN training for selected data reduction size group. 
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Figure-3 displayed the selected groups for further 

investigation. Here, one can observed that F_0.382 

outperformed the other groups in term of average time 

usage. On the contrary, F_0.764 obtained the highest 

average time usage of all groups.  

 

 
 

Figure-4. Comparison chart for RMSE in RBFN training for selected data reduction size group.. 

 

Moving to Figure-4, it is observed that many 

groups performed poorly on Air pollutant dataset and 

Dette function dataset training. Furthermore, the group 

from 25, 30 and 50 percent, and F_0.382 exceed the 

average RMSE value of 5.3 in Air Pollutant dataset. 

Meanwhile, the group from 45 and 50 percent with 

F_0.382 and F_0.764 exceed the average RMSE value of 

3.6 in Datte function dataset. Hence based on Figure-3 and 

Figure-4 results, group from 25, 30 45 and 50 percent is 

exclude with F_0.382 and F_0.764 for further 

consideration in Fibonacci ratio assignment in proposed 

formula. 

 

 
 

Figure-5. Comparison of average time usage and standard deviation of time usage 

for the selected data reduction group. 
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Figure-6. Comparison of average RMSE and standard deviation of RMSE 

for the selected data reduction group. 

 

Next, Figure-5 showed that the difference in time 

usage for group 35 and 40 percent, and group F_0.500 and 

F_0.618 do not deviate significantly. However, Figure 6 

showed that F_0.618 obtained the lowest standard 

deviation and average for RMSE values compared to 

group from 35 and 50 percent, and F_0.500.  

The percentage of deviation of F_0.618 for 

average RMSE to group 35 and 40 percent are 9.85 

percent and 35.12 percent, respectively. In addition, the 

percentage of deviation of F_0.618 to F_0.500 is 25.9 

percent. This results shows that F_0.618 outperformed 

other groups in term of accuracy. Furthermore, F_0.618 

also yield lowest standard deviation of RMSE value 

compared to other groups. Since priority is set in RMSE, 

hence F_0.618 with Fibonacci ratio of 0.618 is used in 

proposed formulation for dataset size reduction. 

Finally, the proposed formula in equation (5) is 

rewritten into equation (13) by substitute the value of 

Fibonacci ratio of 0.618 into
ratio

F . 

 

0.618
5

data

data data

data

N
S N

A
                                       (13) 

 

5. CONCLUSIONS 

Experiments on four real-world problems and 

four literatures function has been simulated in this paper, 

where proposed dataset size reduction formula were 

applied on these case study for its effectiveness on 

obtaining suitable size for neural networks training 

dataset. Experiments were run using different percentage 

of size reduction in comparing to proposed formula. 

Results obtained were then compared for time usage in 

training RBFN network and RMSE for accuracies. The 

size reduction groups that obtained higher time usage and 

RMSE than their average values for time usage and 

RMSE, respectively, were excluded from further 

investigation. From the simulation, the Dette function 

dataset and air pollutant dataset were the most challenging 

datasets that give most groups score higher than average 

value. Finally, the remaining dataset reduction groups 

were compared for their average RMSE and standard 

deviation of RMSE, also the average and standard 

deviation for time usage in training RBFN.  

Results from the experiments shows that the 

proposed dataset size reduction formula improves the 

RBFN training in term of accuracy and time usage. The 

finalized proposed formula found at the end of Section 4 is 

the optimal formula for RBFN network training. The 

proposed formula reduces the RMSE and time usage with 

an average of 26.2 percent and 69.1 percent, respectively. 

It is possible to improve the accuracy of the proposed 

formula by incorporating clustering method to choose the 

best value of points that represent the shape, based on the 

number of dataset given by the proposed formula, instead 

of just selecting the dataset points randomly. As 

conclusion, the proposed formula improves the RBFN as 

for learning speed and accuracy. For future work, it is 

noted that clustering method can perform self-organized 

selection of centers for selecting data points that represent 

the shape of the datasets; it would be interesting study if 

the proposed formula would be tested with clustering 

method using noisy training data to verify the efficiency of 

the dataset reduction number given by the proposed 

formula. 
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