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Abstract

Artificial neural network is inspired by the biological neural network. For simplicity, in computer science, 

it is represented as a set of layers. Many research has been made in evaluating the number of neurons in the 

hidden layer but still, none was accurate. Several methods are used until now which do not provide the exact 

formula for calculating the number of thehidden layer as well as the number of neurons in each hidden layer.

In this paper model selection approach was presented. Proposed model is based on geographical analysis of 

decision boundary. Proposed model selection method is useful when we know the distribution of the training 

data set. To evaluate the performance of the proposed method we compare it to the traditional architecture 

on IRIS classification problem. According to the experimental result on Iris data proposed method is turned 

out to be a powerful one. 
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1. Introduction

Artificial neural network(ANN) is inspired by the biological neural network. For simplicity, in computer 

science, it is represented as a set of layers. These layers are categorized into three classes which are input, 

hidden, and output. Knowing the number of input and output layers and number of their neurons is the 

easiest part. Every network has a single input and output layers. The number of neurons in the input layer 

equals the number of input variables in the data being processed. The number of neurons in the output layer 

equals the number of outputs associated with each input. The hidden layer is the collection of neurons which

has activation function applied on it as well as provide an intermediate layer between the input layer and the

output layer. Many researches have been made in evaluating the number of neurons in the hidden layer but 

still none was accurate. Another question arises that how many hidden layers have to be used when dealing 

with the complex problem. If the data is linearly separable then there is no need to use more hidden layers.

But in case of problems which deal with arbitrary decision boundary to arbitrary accuracy with rational 

activation functions then one has to use two or three hidden layer. Also the number of neurons that should be 

kept in each hidden layer need to be calculated. If the number of neurons are less as compared to the 

complexity of the problem data then underfitting may occur. Underfitting occurs when there are too few 
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neurons in the hidden layers to adequately detect the signals in a complicated data set. If unnecessary more 

neurons are present in the network then overfitting may occur. Several methods are used utill now which do 

not provide the exact formula for calculating the number of hidden layer as well as number of neurons in each 

hidden layer. But the challenge is knowing the proper number of hidden layers and their neurons. However,

there may be some hints to know in a classification problem. Following are the guidelines. (1) Based on the 

data, draw an expected decision boundary to separate the classes. (2) Express the decision boundary as a set 

of lines. Note that the combination of such lines must yield to the decision boundary. (3) The number of 

selected lines represents the number of hidden neurons in the first hidden layer. (4) To connect the lines 

created by the previous layer, a new hidden layer is added. Note that a new hidden layer is added each time 

you need to create connections among the lines in the previous hidden layer. (5) The number of hidden 

neurons in each new hidden layer equals the number of connections to be made. Paper is composed as 

follows. In section 2 we will apply above guidelines what we mentioned earlier and try to figure out the 

proper number of hidden layers and nodes on Iris data set. In section 3 geographical analysis of decision 

boundary is explained. Experimental result on proposed method is described in section 4, summary and 

future works will be described in section 5.

2. Previous Research

In this section we will review the previous research on choosing the proper number of hidden layer and 

nodes. Many researchers put their best effort in analyzing the solution to the problem that how many neurons 

are kept in hidden layer in order to get the best result, but unfortunately no body succeed in finding the optimal

formula for calculating the number of neurons. Basically when dealing with the number of neurons in the input 

layer, one has to analyze about the data which is trained. For example, while dealing with handwritten 

numeral recognition using neural network for pin code recognition[1], the box size in which the pin number is 

written is taken under consideration for determining the number of neurons in the input layer. If the box size is 

10x15 then 150 neurons must be taken as a input layer, so that every pixel contribute its value to the input 

layer individually. When the output layer is considered, then it depends on the chosen model configuration. If 

the neural network is applied to regression problem, then the output layer has a single node. Now the number 

of neurons in the intermediate layer is taken under consideration which is the motivation of this paper. 

Before that one fact should be kept in mind that if the data is linearly separable then there is not at all any use 

of hidden layer. Linear activation function can be directly implemented on the input and output layer. One 

hidden layer will be used when any function that contains a continuous mapping from one finite space to 

another. Two hidden layer can represent an arbitrary decision boundary to arbitrary accuracy with rational 

activation functions and can approximate any smooth mapping to any accuracy [2]. When multilayer 

perceptron is under consideration then the number of hidden layers and approximation of neurons in each 

hidden layer need to be calculated. Unnecessary increasing hidden layer may causes increase in the complexity

of network. This is because in the weight balancing stage, weights between the first hidden layer and second 

hidden layer are also considered for weight updating which depends upon the error gap between the actual and 

target output. Usually some rule-of-thumb methods are used for determining the number of neurons in the 

hidden nodes. Multiple hidden layers are used in the applications where accuracy is the criteria and no limit 

for the training time is mentioned. Even the drawback of using multiple hidden layers in the neural network is 

that they are more prone to fall in bad local minima [3]. In [3] they try to optimize the number of neurons in 

the hidden layer using benchmark datasets and estimation of the signal-to- noise-ratio figure. The method 

utilizes a quantitative criterion based on the SNRF to detect overfitting automatically using the training error 

only, and it does not require a separate validation or testing set. This method reduces the overfitting problem 
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in the network. Rivals I. & Personnaz L.[4] used techniques based on least squares estimation and statistical 

tests for estimating the number of neurons in the hidden layer. Two approaches were used phase wise , first 

the bottom-up phase in which initially the number of neurons are increased up to an extent till the network 

becomes ill-conditioned. Afterwards in the next phase i.e. the top-down approach the neural network has to 

go through statistical Fisher tests. The second phase usually reduces the complexity of the neural network. F. 

Fnaiech in [5] make an attempt to prune the hidden nodes of the feed forward architecture by initially 

creating a non linear activation function of hidden nodes as Taylor’s expansion and then NARX (nonlinear 

auto regressive with exogenous input) model is used. Afterwards nonlinear order selection algorithm 

proposed by Kortmann-Unbehauen most relevant signal of the NARX are selected and finally BPNN 

algorithm is used in order to prune the hidden nodes. Stuti Asthana and Rakesh K Bhujade in [1] made an 

approach to use two hidden layer for recognizing multiscript number recognition using artificial neural 

network on postcard, keeping accuracy as a chief criteria. More than 95% accuracy was obtained due to the 

use of two hidden layer. Moreover equal number of neurons are used in both layers so as to get best accuracy. 

This work has been tested on five different popular Indian scripts namely Hindi, Urdu, Tamil ,English and 

Telugu and satisfactory results were obtained under ideal condition. The decision method for selecting 

number of neurons to getting optimal solution using two phase method is describe in [6] by Kazuhiro Shin-ike.

In two phase method the termination condition is same as the trial and error method but in new approach 

dataset is divided into four groups in which two groups of data are used in first phase to train the network and 

one group of remaining data set is used in second phase to train the network and last group of data set is used

predict the output values of the trained network and this experiment is repeated for different number of 

neurons to get the minimum number of error terms for selecting the number of neurons in the hidden layer. 

3. Theory : Geographical analysis of boundary decision

Choosing the proper number of hidden layer and number of neurons in each layer is not easy. However 

there may be some hints to know in a classification problem. There is a very interesting analysis of 

calculating the number of hidden layers and nodes in each layer[7][9]. We will briefly introduce the method. 

Following are the guidelines. (1) Based on the data, draw an expected decision boundary to separate the 

classes. (2) Express the decision boundary as a set of lines. Note that the combination of such lines must 

yield to the decision boundary. (3) The number of selected lines represents the number of hidden neurons in 

the first hidden layer. (4) To connect the lines created by the previous layer, a new hidden layer is added. 

Note that a new hidden layer is added each time you need to create connections among the lines in the 

previous hidden layer. (5) The number of hidden neurons in each new hidden layer equals the number of 

connections to be made. To make things clearer, let’s apply the above guidelines for a number of examples. 

We will start with a simple and famous XOR problem shown in figure 1.
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Figure 1. XOR problem

The first question to answer is whether hidden layers are required or not. A rule to follow in order to determine 

whether hidden layers are required or not is as follows: in artificial neural networks, hidden layers are required if 

and only if the data must be separated non-linearly. Looking at figure 2, it seems that the classes must be 

non-linearly separated. A single line will not work. As a result, we must use hidden layers in order to get the 

best decision boundary. In such case, we may still not use hidden layers but this will affect the classification 

accuracy. So, it is better to use hidden layers. Knowing that we need hidden layers to make us need to answer 

two important questions. Following the previous procedure, the first step is to draw the decision boundary 

that splits the two classes. There is more than one possible decision boundary that splits the data correctly as 

shown in figure 2. Following the guidelines, next step is to express the decision boundary by a set of lines. The 

idea of representing the decision boundary using a set of lines comes from the fact that any ANN is built 

using the single layer perceptron as a building block. The single layer perceptron is a linear classifier which 

separates the classes using a line created according to the following equation:

Y = w��� +	w��� +⋯	w��� + �                              (1)

Where �� is the input, �� is its weight, b is the bias, and Y is the output. In this case, the decision 

boundary is replaced by a set of lines. The lines start from the points at which the boundary curve change 

direction. At such point, two lines are placed, each in a different direction.

Figure 2. Nonlinear classifier is necessary in XOR problem
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Because there is just one point at which the boundary curve change direction as shown in figure 3 by a donut 

shape circle, then there will be just two lines required. In other words, there are two single layer perceptron 

networks. Each perceptron produces a line.

Figure 3. Each perceptron produces a line in XOR problem

Knowing that there are just two lines required to represent the decision boundary tells us that the first hidden 

layer will have two hidden neurons. Up to this point, we have a single hidden layer with two hidden neurons. 

Each hidden neuron could be regarded as a linear classifier that is represented as a line as in figure 3. There 

will be two outputs, one from each classifier (i.e. hidden neuron). But we are to build a single classifier with 

one output representing the class label, not two classifiers. As a result, the outputs of the two hidden neurons 

are to be merged into a single output. In other words, the two lines are to be connected by another neuron. 

Fortunately, we are not required to add another hidden layer with a single neuron to do that job. The output 

layer neuron will do the task. Such neuron will merge the two lines generated previously so that there is only 

one output from the network. After knowing the number of hidden layers and their neurons, the network 

architecture is now complete as shown in figure 4.

Figure 4. Classifier architecture proposed by guidelines

Another classification example is shown in figure 5. It is similar to the previous example in which there 

are two classes where each sample has two inputs and one output. The difference is in the decision boundary. 

Input Hidden Output 
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The boundary of this example is more complex than the previous example.

Figure 5. More complex problem

According to the guidelines, the first step is to draw the decision boundary. The decision boundary to be used 

in our discussion is shown in figure 6. The next step is to split the decision boundary into a set of lines, 

where each line will be modeled as a perceptron in the ANN. Before drawing lines, the points at which the 

boundary change direction should be marked as shown in figure 6.

Figure 6. Classification boundary in more complex problem

Each of top and bottom points will have two lines associated to them for a total of 4 lines. The in-between 

point will have its two lines shared from the other points. The lines to be created are shown in figure 7.

Because the first hidden layer will have hidden layer neurons equal to the number of lines, the first hidden 

layer will have 4 neurons. In other words, there are 4 classifiers each created by a single layer perceptron. At 

the current time, the network will generate 4 outputs, one from each classifier. Next is to connect these 

classifiers together in order to make the network generating just a single output. In other words, the lines are 

to be connected together by other hidden layers to generate just a single curve.
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Figure 7. Four lines and 2 in-between lines are necessary to classify

It is up to the model designer to choose the layout of the network. One feasible network architecture is to 

build a second hidden layer with two hidden neurons. The first hidden neuron will connect the first two lines 

and the last hidden neuron will connect the last two lines. Up to this point, there are two separated curves. 

Thus there are two outputs from the network. Next is to connect such curves together in order to have just a 

single output from the entire network. In this case, the output layer neuron could be used to do the final 

connection rather than adding a new hidden layer. After network design is complete, the complete network 

architecture is shown in figure 8.

Figure 8. Generated network architecture

4. Experiments.

To evaluate proposed the method we apply it to the iris classification problem. Iris data set is one of the 

most popular and best known databases of the neural network application data set which is obtained from 

Input layer Hidden1 Output 
layer

Hidden2
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UCI Machine Learning Repository and created by R.A. The IRIS dataset classifies three different classes of 

IRIS plant by performing pattern classification [8]. The IRIS data set includes three classes of 50 objects 

each, where each class refers to a type of IRIS plant. The attributed that already been predicted belongs to the 

class of IRIS plant. The list of attributes present in the IRIS can be described as categorical, nominal and 

continuous. The experts have mentioned that there isn’t any missing value found in any attribute of this data 

set. The data set is complete. This project makes use of the well known IRIS dataset, which refers to three 

classes of 50 instances each, where each class refers to a type of IRIS plant. The first of the classes is linearly

distinguishable from the remaining two, with the second two not being linearly separable from each other. 

The 150 instances, which are equally separated between the three classes, contain the following four numeric 

attributes: sepal length, sepal width, petal length petal width and the fifth attribute is the predictive attributes 

which is the class attribute that means each instance also includes an identifying class name, each of which is 

one of the following: IRIS Setosa, IRIS Versicolour, or IRIS Virginica. Figure 9 shows the distribution of the 

IRIS data according to the sepal length, sepal width, petal length petal width.

Figure 9. Distribution of IRIS data set according to each attribute

Applying the guidelines which were explained in section 3 we get the same architecture in more complex 

problem in figure 8 that is two hidden layers, 4 and 2 nodes in each layers. To test the behavior of proposed 

system, we compared the performance as traditional IRIS classification architecture.
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Table 1. Experimential results on traditional method and proposed one

Hidden-1 Hidden-2 Accuracy

Proposed

architecture
4 2 97.33

Traditional

architecture
16 0 96.00

5. Summary and Conclusion

In this paper, model selection approach was presented. Proposed model is based on geographical analysis 

of decision boundary. Proposed model selection method is useful when we know the distribution of the 

training data set. To evaluate the performance of the proposed method we compare it to the traditional 

architecture on IRIS classification problem. According to the experimental result proposed method is turned 

out to be a powerful one. Future work is applying proposed method to more complex problem.
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