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ABSTRACT  

The problem of finding the optimal path between two nodes is 

a well known problem in network analysis. Optimal routing has 

been widely studied for interconnection networks this paper 

work considers the problem of finding the optimal path. A 

Genetic algorithm based strategy is proposed and the algorithm 

has been developed to find the Optimal Path. This paper work 

presents a neural network based approach to the shortest path 

routing problem. Weights adjustment of the neurons has been 

used for solving the problem of optimum path. This paper 

presents the back propagation algorithm to solve the problem 

of optimum path in multi layer feed forward (MLFF) network. 

Even though shortest path routing algorithms are already well 

established, there are researchers who are trying to find 

alternative methods to find shortest paths through a network. 

One such alternative is to use of neural network. 

Keywords: shortest path, neural network, optimization, 

packet switching, mlff, activation function, learning rates, 

algorithms. 

1. INTRODUCTION 

In modern communication networks, particularly in packet 

switched networks, routing is an important process that has a 

significant impact on the network’s performance.Ideal routing 

algorithm comprises finding the “optimal” path(s) between 

source and destination router, enabling high-speed data 

transmission and avoiding a packet loss. The problem of 

finding the shortest path between two nodes is a well-known 

problem in network analysis. Shortest path algorithms have 

been a subject of extensive research, resulting in a number of 

algorithms for various conditions and constrain [1-3]. In a 

packet switching network, communication between two hosts 

generally takes place in the following manner: the transmitting 

host delivers to a node a block of data, called a packet, which   

are addresses to the destination host. The objective of a routing 

strategy is essentially to minimize the mean delay of the 

packets in a network, subject to some reliability or capacity 

constraints [3-4]. Routing is one of the most important issues 

that have a significant impact on the network's performance 

[5], [6]. An ideal routing algorithm should strive to find 

optimum path for packet transmission within a specified time 

so as to satisfy the quality of Service (QoS) [8]-[9]. There are 

several search algorithms for the shortest path (SP) problem: 

the O(n2) Bellman’s dynamic programming algorithm for 

directed a cycle networks, the O(n2) Dijkstra-like labeling 

algorithm and the O(n3) Bellman–Ford successive 

approximation algorithm for networks with nonnegative cost 

coefficients only, where n denotes the number of vertices in the 

network. In most of the current packet-switching networks, 

some form of SP computation is employed by routing 

algorithms in the network layer [8], [9]. Specifically, the 

network links are weighted, the weights reflecting the link 

transmission capacity, the congestion of networks and the 

estimated transmission status such as the queuing delay of 

head-of-line (HOL) packet or the link failure. The SP problem 

can be formulated as one of finding a minimal cost path that 

contains the designated source and destination nodes. In other 

words, the SP routing problem involves a classical 

combinatorial optimization problem arising in many designs 

and planning contexts [10]-[11]. Since neural networks (NNs) 

[10]-[11] promise solutions to such complicated problems. 

2. MULTILAYER FEED FORWARD 

NETWORK 

The network, as its name indicates made up of multiple layers. 

Thus architecture of this class besides processing an input and 

an output layer also have a hidden layer known as hidden 

neurons or hidden units. The input layer neurons are linked to 

the hidden layer neurons and weights on these links are 

referred to as input –hidden layer weights. Again the hidden 

layer neurons are connected to the output layer neurons and 

corresponding weights referred as hidden output layer weight 

[15]. Fig [1]  

 

 
 

Fig [1] Multilayer feedforward network 

3. BACKPROPAGATION NETWORK 

Backpropagation is the systematic method of training the 

multilayer artificial neural network. It is built on high 

mathematical foundation and has very good application 

potential. 

Analogous to a biological neuron, artificial neurons receives 

much input representing the output of the other neurons. Each 

input is multiplied by the corresponding weights analogous to 

the synaptic strengths. All of this, weighted input are than 

summed up and passed through an activation function to 

determine neurons output fig[2]. 
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Fig [2] 

U(t)= W 1 i1  +W 2 I 2+………………..+W n I n 

U=[W][I] 

considering the threshold, the relative input to the neurons is 

given by 

U(t)= W 1 i1 +W 2 I 2+………………..+W n I n  - Θ 

           =  


n

i

WiIi
0

    where Wo= - Θ; Io=1 

The output using non linear transfer function f is given by 

O=f(u) 

4. ACTIVATION FUNCTION 

To generate the final output the sum is passed through the non 

linear filter called the activation function or transfer function 

which releases the output.  A common choice is the sigmoidal 

or logistic function,[15] 

Ø(i)=
aie1

1
  

Where α is the slope parameter, which adjusts the abruptness of 

function as it changes between the two asymptotic values.fig[3] 

 

 

 

Fig [3] [logistic function] 

One more activation function is step function or Heaviside 

function and is such that fig[4] 

 

 Ø(i)= 1,                            I>0 

       =  0,                            I≤0 

 

 

 

Fig [4] [Heaviside function] 

5. LEARNING RATE 

Most of the network structure undergoes learning procedure 

during which synaptic weights W and v are adjusted. Learning 

rate coefficient determines the size of the weights adjustments 

made at each iteration and hence influences the rate of 

convergence. Poor choice of coefficient can result in a failure 

in convergence. If learning rate coefficient too large, the search 

path will oscillate and convergence more slowly in a direct 

descent. If the coefficient is too small the descent will progress 

in small steps significantly increasing time to converge. 

6. PROBLEM STATEMENT 

Consider a weighted direct graph G = (V; E) where V is a set 

of n vertices and E is an ordered set of m edges. A fixed cost 

cij is associated with the edge from vertices i to j in the graph 

G. In a transportation or a robotic system, for example, the 

physical of the cost can be the distance between the vertices, 

the time or energy needed for travel from one vertex to another. 

In a telecommunication system, the cost can be determined 

according to the transmission time and the link capacity from 

one vertex to another. In general, the cost coefficients matrix 

[cij] is not necessarily symmetric, i.e., the cost from vertices i 

to j may not be equal to the cost from vertices j to i. 

Furthermore, the edges between some vertices may not exist, 

i.e., m may be less than n2 (i.e., m < n2). The values of cost 

coefficients for the nonexistent edges are defined as infinity. 

More generally, a cost coefficient can be either positive or 

negative. A positive cost coefficient represents a loss, whereas 

a negative one represents a gain. It is admittedly more difficult 

to determine the shortest path for a network with mixed 

positive and negative cost coefficient [7]. 

Learning algorithm: 

If the output is correct then no adjustment of weights is done. 

                W ij 
(k+1) =  W ij 

k    

 

If the output is 1 but should have been 0 then the weights are 

decreased on the active input links. 

                  W ij 
(k+1) =  W ij 

k    - α.xi 

Where α is the learning rate. 

If the output is 0 but should have been 1 then the weights are 

increased on the active input links.  

   W ij 
(k+1) =  W ij 

k   +  α.xi        

W ij 
(k+1)  is new adjusted weight and  W ij 

k   is old weight. 
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Rosenblatts algorithm: 

Step 1: create perceptron with (n+1) input neurons X0 X1 …Xn 

where X = 1 is the bias input. Let O be the output neuron. 

Step 2: Initialize W= ( Wo,W1…Wn) to random weights. 

Step 3: Iterate through the input patterns X of the training set 

using the weight set (i.e.) compute the weighted sum of input 

net j =   


n

i

XiWi
0

 for each input pattern j. 

Step 4: Compute the output Y using the step function 

    Y= f(net j) = 1                       net j > 0 

                      =0                       otherwise 

Step 5:  compare the computed output Yj with the target output 

Yj for each input pattern j. If  all the input patterns  have been 

classified correctly output the weights and exist. 

Step 6: Otherwise, update the weights as given below: 

if the computed output Yj is 1 but should have been 0 , 

Wi=Wi - α.xi 

if the computed output Yj is 0 but should have been 1 , 

Wi=Wi + α.xi 

where α is the learning rate. 

Step 7: Goto step 3. 

7. CONCLUSION 

The neural network has promised an easy way to optimize the 

packet switch multilayer network. A preliminary 

implementation of the Rosenblatts algorithm lays a foundation 

for further optimization in SP using neural network. The 

network learns optimized route itself after few iterations. 
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