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Abstract 
 

In this paper, operational and complexity analysis are investigated for a proposed model of ensemble Artificial Neural Networks (ANN) 

multiple classifiers. The main idea to this is to employ more classifiers to obtain a more accurate prediction as well as to enhance the 

classification capabilities in case of larger data. The classification result analyzed between a single classifier and multiple classifiers fol-

lowed by the estimates of upper bounds of converged functional error with the partitioning of the benchmark dataset. The estimates derived 

using the Apriori method shows that the proposed ensemble ANN algorithm with a different approach is feasible where such problems 

with a high number of inputs and classes can be solved with time complexity of O(n^k ) for some k, which is a type of polynomial. This 

result is in line with the significant performance achieved by the diversity rule applied with the use of reordering technique. As conclusion, 

an ensemble heterogeneous ANN classifier is practical and relevant to theoretical and experimental of combiners for the ensemble ANN 

classifier systems for a large dataset. 
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1. Introduction 

Many current computational models used in soft computing are de-

scribed as input-output producing devices of linear combinations 

functions derived from a simple computational unit. Classification 

tasks model is an example of coefficient of linear combination using 

inner parameters of computational units that are adjustable. This 

classification tasks model is commonly constrained by model com-

plexity. Thus, the selection of computational unit type is important 

to allow efficient learning from the given data by networks with a 

reasonable unit size. 

The classification for large data using the Artificial Neural Network 

(ANN) is rarely discussed. However, previous research shows a 

bright side on large dataset classification tasks using ANN since 

many other researchers ignore the ANN advantage of universal ap-

proximation[1]. ANN, first known as the ‘connectionist model’, 

emerged from the simplified neuron introduced by McCulloch and 

Pitts in 1943. These neurons present a biological model as a  con-

ceptual component that could perform computational tasks and able 

to learn the complex nonlinear input relationships for suffi-

cient  data in training times that scales linearly with data size [2]. 

An enhanced alternative is required to utilize ANN ability in trans-

forming traditional optimization algorithm to complex classifica-

tion tasks that can be formulated as optimization problems [3]. 

Methods such as SVM or other advanced methods are not likely to 

be appropriate for large datasets classification. This is because most 

other methods need to solve a quadratic programming problem in 

order to find a separation hyper-plane, which causes an in-

tense computational complexity[4]. 

The use of a single ANN classifier for large datasets leads to the 

unstable result of learning classifier and sensitive to several param-

eters. Furthermore, it works differently for different training 

data[5]. Previous researchers found that the performance of more 

than two classifiers is better than their base model since a single 

ANN tends to make errors on different examples[6]. Combining a 

group of different output of multiple classifiers using the ensemble 

strategy is used to solve the variety network’s output[7]. It makes 

sense only if the classifiers are diverse or in other words, statisti-

cally independent.  

This asymptotic method is one of the Apriori technique principle 

that emphasizes the analysis task on the specific problem prior to 

the design part. Analyzing the asymptotic usually requires the anal-

ysis of the running time or the space usage of the program and es-

sentially needs the time and space estimates for the function of input 

size. This paper proposed techniques which are embedded in sev-

eral strategies for a large dataset by having clusters of ANN classi-

fiers that work independently to allow improvement of the classifi-

cation task in order to classify a large dataset. This ensemble ANN 

is measured in terms of complexity measures in investigating the 

complexity of ensemble ANN for a large dataset.    

 This paper is organized in five sections starting with the introduc-

tion of the study. Section 2 describes the related proposed technique 

and the framework in detail. Section 3 describes the complexity 

model used for approximation for the proposed framework. Section 

4 describes the experimental setup and elaborates the result of per-

formance of classifiers respectively. Finally, Section 5 presents the 

summarization drawn from the study. 
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2. Ensemble learning algorithm for ANN clus-

ter 

In general, the idea behind the ensemble methods is the use of a 

cluster of classifiers and combining their predictive capabilities into 

a single classification task to obtain a more accurate and stronger 

prediction. Success result and finding of previous research on di-

versity [8, 9], which suggests that a single classifier diversity 

measures might not be accurate enough to capture all the relevant 

independency of each available classifier. In this study, the combi-

nation of prediction capabilities applies by adopting the reordering 

technique for the multiple classifiers as a diversity rule. 

The development of combinational independent classifiers com-

prises of four phases in a framework. First, the dataset was pre-pro-

cessed using input normalization and output denormalization. Sec-

ondly, the training data was then divided into a training set, testing 

set and validation set. The training dataset was adapted to the reor-

dering technique for data re-sampling. The result of the reordering 

was configured with the partitioning task. Then, in the third phase, 

each partitioned parts were passed as individual ANN to the corre-

sponding thread of multi-classifiers by a master classifier. Finally, 

the output was transformed into a reliability value and then passed 

back to the master ANN thread for an aggregated ensemble strat-

egy. 

In the second phase, the use of reordering is important to ensure the 

independent classifier is generated in the third phase. The original 

sequence and configuration can make all ANN fall in the same error 

the training variability chances are very low[10]. For multiple ANN 

classifiers, the original reordering is impractical because the error 

and output generated reflected dependent and insignificant classifi-

ers  where the training error is small and very similar to the other 

classifiers in ensemble networks[11]. The independent ensemble 

classifier in this study is dependent on the proposed enhancement 

for the reordering algorithm. The Distributed Reordering Tech-

nique as in the following algorithm is an enhanced reordering tech-

nique based on [10]. The enhanced distributed reordering shuffles 

the data sequence in training data for a given 𝑝 classifier from 𝑃 

classifiers.  The random weights are initialized for each of the clas-

sifiers to adapt to the probability of threading. 

 

Function: Distribute Reordering sampling without re-

placement to multiple classifiers 

1 BEGIN 

2 for t=1 to J 

3 
 Generate 𝐷𝑆𝑒 by sampling DS without    

        replacement 

4 
 Draw 𝑋𝑖  from DS using P thread  

        probability 

5  for i=1 to N pattern   

6 
                𝑇𝑟𝑖 = 𝑥𝑖(i, all columns)=    

             DS(randRow, AllColumns) 

7               Adjust probabilities 𝑃 

8        END for 

9  END for 

10 Output the final training subsets (Tr1, Tr2,...Trn) 

11 END 

 

The probability 𝑃  of threads is  
𝑝𝑖

𝑁
, 𝑖 𝜖 [1, . . , 𝑁] . In sampling 

without replacement, the two sample values are not independent. 

This means that the first sample can affect the second sample. In 

this case, the covariance between the two is not zero. Therefore, the 

sampling rather complicates the computations. This sampling gen-

erates different partitioned parts. The data DS results of training da-

tasets 𝑇𝑟1, 𝑇𝑟2, … 𝑇𝑟𝑛 have undergone the reordering algorithm in 

order to ensure sufficient training data with the diversity rule[12].  

In the third phase, the carry load of partitioned datasets are passed 

to 𝑛 multi-classifier threads. The individual classifier adopts a sto-

chastic learning mechanism as it promotes efficiency of large data 

scalability[13] that is aligned with[14] that similarly showed the 

good performance on stochastic learning for I/O overhead commu-

nication. Each ANN thread 𝑞 presents the network assigned parti-

tioned datasets  𝑇𝑟𝑛 of a batch pattern which is called a component 

gradient[15]. Each ensemble classifier with different datasets parti-

tions are trained with back propagation neural network (BPNN) al-

gorithm. A BPNN schemes minimizes the error 𝐸 function by ob-

taining the new weights and threshold after epochs of training. Two 

phases are repeated until E converges to a possible minimum value. 

In this case, the stopping criteria is either achieving the error of 

0.001 or up to 10000 iterations. The number of output y, which is 

𝐹3 is used as an indicator of reliable sufficiency of the ensemble 

classifier in integrating ensemble members. 

The last phase is motivated by the decorrelation maximization 

method that has been used in [16] to select a suitable number of 

neural network ensemble members. This method created the di-

verseness for the ensemble neural network due to a smaller correla-

tion value obtained from the available neural networks. It is as-

sumed that there are p ANN classifiers result (𝑓1, 𝑓2, … 𝑓𝑝) with n 

values of output. For each ANN classifier, the plural-correlation co-

efficient pi is calculated with (1) as follows: 

 

𝑝𝑖
2 = 𝑟𝑖

𝑇𝑅−𝑖
𝑇 𝑟𝑖  (𝑖 = 1,2, … , 𝑝)                                              (1) 

 

where R is the variance of the error for a classifier divided by the 

square root of variance multiplied with the variance-covariance of 

classifier’s error. For a specified threshold , if 𝜌𝑖
2 <  𝜃, then the 

classifier 𝑓𝑖 should be removed from  𝑃 classifiers. On the contrary, 

the classifier 𝑓𝑖 should be retained. This phase involves the master 

ANN that locates the aggregated output. After all ANNs are decor-

related with each other, the respected error will be reduced as the 

number of ensemble members is increased after output aggregation. 

Therefore, the final output is aggregated for this simple average as 

given in (2). 

 

 ŷc(𝑥) =      
1

𝑁𝑛𝑒𝑡𝑤𝑜𝑟𝑘𝑠
∑ 𝑦𝑛𝑒𝑡𝑁𝑛𝑒𝑡𝑤𝑜𝑟𝑘𝑠

𝑛𝑒𝑡=1 (𝑥)                     (2) 

 

Then the class 𝑐, generates maximum of the average values, 𝑦̂𝑐  to 

the respected pattern. The output average technique is the easiest 

combiner and it averages the individual classifier outputs,𝑦𝑛𝑒𝑡 , 

across the different classifiers, 𝑁𝑛𝑒𝑡. The notation of the variables 

shown in the previous chapter is modified by adding a super index 

referring to the network of the ensemble. The number of networks 

of the ensemble is given by 𝑁𝑛𝑒𝑡𝑠. 

3. Analysis of complexity model 

The complexity of ANN demonstrates the quantification of interac-

tions needed in order to approximate the error (𝑘). Three layers of 

ANN are represented in order to compute output 𝑞 such as follows: 

 

𝑞 =  ∑ 𝑤𝑖𝑦𝑖 =  ∑ 𝑤𝑖𝑟 (𝑥)                                                    (3) 
 

where wi is the random weight, yi is an input node of input 𝑥, and 

𝑟 = {𝑟𝑖(𝑥)}𝑖 is a dictionary of sigmoid and hyperbolic tangent ac-

tivation functions. Such networks can implement nonlinear approx-

imations of desired input-output functions f in approximation the-

ory. For subsets 𝐽 𝐼 of cardinality, where n refers to input x, 

(𝑥 𝜖 ℝ𝑘). ℝ𝑘 is the ridge function for 𝑓𝑖𝑗(𝑥) = 𝑟(𝑥 . 𝑎 −  𝜃), where 

r: ℝ →  ℝ is the real number of monotone hyperbolic tangent func-

tions which increase from -1 to 1. 

The time complexity of a computational 𝑃 is the minimum time 

needed by an algorithm to solve the problem. The complexity of a 

program is measured based on input size and the procedure is 
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shown in the following algorithm. This complexity calculation re-

quires the 𝑓(𝑥)  to be fitted as 𝑓(𝑛) and find the frequency of each 

similar asymptote function to be determined[17] in order to find the 

complexity, as follows. 

 

Input: size n, 𝑓(𝑥),Output: Complexity 𝐶 

1 BEGIN 

2   Find the number of frequent count 

3 
  Fit an equation as 𝑓(𝑛) for  time f(𝑥) , 𝑛   

    input 

4 
  Find the asymptote function similar to 

   𝑓(𝑥).   

5 Output 𝐶 

6 END 

 

Based on the above algorithm, the frequent count is calculated and 

will be fitted to the according function for each time of each input. 

After that, calculate the similar asymptote function of the respective 

function. The asymptotic behavior of a function 𝑓(𝑛) refers to the 

growth of 𝑓(𝑛) as 𝑛 gets larger. The slower the asymptotic growth 

rate, the better the algorithm. If an algorithm runs within 𝑇(𝑛) time, 

it means that 𝑇(𝑛) is an upper bound of the running time that holds 

for all inputs size (𝑛). This is called the worst case scenario. The 

worst case for a function considers how long it takes to run a func-

tion of the length of the input list.   

Alternatively, an average case analysis can be chosen in order to 

focus on calculating the expected time spent on a randomly chosen 

input. The worst case scenario is used in this analysis in order to 

justify the large data case study. The asymptote function is derived 

by using the Big O notation to calculate the complexity of a pro-

gram. The time complexity of 𝑃 threads for multiple ANN has the 

properties of ANN with the communication part in the partitioning 

of the dataset and selection and combination of output from 

threads 𝑃. Each frequency count represents the notion of reordering 

techniques, communication of nodes of ANN threads, ANN train-

ing, and the selection and combination of outputs to ensemble the 

results. 

4. Result and discussion 

The MNIST dataset was selected in the study. It has 60000 exam-

ples as training set and 10000 examples for testing set. The valida-

tion dataset was drawn from the training set which is 10000 exam-

ples, which made the training set with 50000 examples.  The solu-

tion of multiple ANN systems was tested using multithreading in a 

single computer representing a cluster that runs synchronously. All 

ANN classifiers were trained with different dataset partitions and 

parameters. For example, two ANN work with the same hidden 

nodes setup, but with different learning rate and momentum, two 

classifiers using different hidden node setup and learning rate/mo-

mentum with re-sampling techniques for input and etc. The accu-

racy of the recognition rate obtained from the result is measured by 

the total corrected recognition.  

The proposed distributed reordering technique shows the better ap-

proximation for a high performance for de-correlation and combi-

nation of ANN classifiers. The calculated algorithm approximation 

for ANN cluster shows that  𝑇(𝑛) grows asymptotically not faster 

than  𝑛4 . The network size, excluding the number of non-input 

nodes, may increase to 𝑂(𝑛5). This explains that for large enough 

input sizes n, the network size is less than cn4 for some constant c. 

Such function ƒ is said to have polynomial size complexity for N 

because n4 belongs to a function of 𝑛. The function of (𝑓) is shown 

in Fig.1 is asymptotically bounded below by 𝑔(𝑛) where there is 

some positive constant value and a particular value of 𝑛0. The 𝑓(𝑛) 

function also has no bounds related because the function does not 

satisfy two conditions. First, it does not have a function of (n3) 

where 𝑓(𝑛) > 𝑛3 for all constant of n. Second, it does not have a 

function of 𝑂(𝑛4) that implies both above and below by 𝑔(𝑛) as-

ymptotically. 

 

 

 
Fig.1: Result of Complexity Analysis 

 

There exists an asymptote upper bound and a lower bound as rep-

resented by 𝑓(𝑛)𝜖 𝑂(𝑔(𝑛)) and 𝑓(𝑛)𝜖  (𝑔(𝑛)) . These growth 

functions show that for sufficiently large input parameters, 𝑓 grows 

at a rate that may henceforth be greater than c(g) in regards to 

𝑔 𝑂(𝑓). The time complexity for ensemble ANN,𝑇(𝑛) asymptot-

ically is bounded above by 𝑔 up to a constant factor of 2 and with 

particular values of n0 at 8 and the greater number than 8. It can be 

said that 𝑇(𝑛) grows asymptotically no faster than 𝑛4. The function 

𝑛4 requires an amount of time that is in polynomial proportion to 

the number of input elements. The network size, excluding the num-

ber of non-input nodes, may increase to 𝑂(𝑛5). This explains that 

for large enough input sizes n, the network size is less than cn4 for 

some constant 𝑐. Such a function ƒ is said to have polynomial size 

complexity for N because 𝑛4 belongs to a function of n. The func-

tion of (𝑓) is also asymptotically bounded below by 𝑔(𝑛) where 

there is some positive constant value and a particular value of  𝑛0. 

The result of ensemble ANN shows that the complexity between 

the multiple of ANN with additional processes for reordering and 

the other ensemble method have no significant difference of perfor-

mance [18, 19]. The above result is in contradiction to the investi-

gation done by [20] that found an ensemble strategy with a voting 

system with 𝑂(𝑛2). However, they agree that the maximum com-

puting complexity is 𝑂(𝑘3) for all 𝑘 clusters. The voting approach 

is very simple for an ensemble since no matrix calculation is needed 

for a large dataset. 

5. Conclusion 

Classifiers ensemble makes sense only if the classifiers are diverse. 

The reordering techniques that promote diversity have contributed 

a reduction error and training time for clusters of ANN. The pro-

posed technique has enhanced the generalization ability among dif-

ferent ANN classifiers that provide a promising solution to other 

binary-class classification and recognition problems. From the 

analysis, with computing time complexity of 𝑂(𝑛4), classifier en-

semble should be considered as computationally feasible with an 

improved computing complexity for a large dataset. In other words, 

the time used by the algorithm is bounded by a polynomial in the 

size of the input. Additionally, the proposed solution is a kind of 

NP-complete problem. It is possible to reduce any other NP prob-

lem X to 𝑌 in polynomial time. This means that a Y problem can be 

solved if 𝑋 problem has the solution. Moreover, there is very strong 

evidence that it is impossible to solve any NP-complete problem in 

less than exponential time. This proposed ANN clusters solution is 

a 𝑃 class of problem where 𝑃 =  𝑁𝑃 because this problem can be 

verified in polynomial time as well as the subset problem. 
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