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Abstract 
This paper deals with design and implementation of fault 

classifier of Cathode Ray Oscilloscope. The system is modeled 

with eight symptoms and thirteen faults. Each symptom has 

specified faults. The feed forward neural network based system is 

simulated in MATLAB. After simulation, the hardware 

implementation of neural network based system is done on 

CPLD board for which the HDL code is simulated, synthesized, 

and implemented. 
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I.  INTRODUCTION 

 Work on artificial neural networks, commonly referred 

to as „neural networks‟ has been motivated right its inception by 

the recognition that the human brain computes in an entirely 

different way from the conventional digital computer. A 

traditional digital computer does many tasks very well. It's quite 

fast, and it does exactly what you tell it to do. Unfortunately, it 

can't help you when you yourself don't fully understand the 

problem you want solved. Even worse, standard algorithms don't 

deal well with noisy or incomplete data, yet in the real world, 

that's frequently the only kind available. One answer is to use an 

artificial neural network (ANN), a computing system that can 

learn on its own. Implementation of ANNs falls into two 

categories: Software implementation and hardware 

implementation. ANNs are implemented in software, and are 

trained and simulated on general-purpose sequential computers 

for emulating a wide range of neural networks models. Software 

implementations offer flexibility. However hardware 

implementations are essential for applicability and for taking the 

advantage of ANN‟s inherent parallelism  

          A formal neuron has n real inputs x1,…,xn. The inputs are 

evaluated using corresponding real synaptic weights w1,…,wn 

defining their „throughput“. A neuron transforms input data into 

output data based on the transfer function. Individual neurons 

can be arranged to form a neural network – the neurons are 

interconnected so that a neuron output is an input to multiple 

neurons. The number of neurons and their interconnections in the 

network determine the neural network architecture. The so-called 

feed forward networks are used in control technology to 

implement controllers or, for example, to identify process 

parameters. In a linear model of a process it seems beneficial to 

use only a single neuron with a linear transfer function for 

identification. The network is trained by initially selecting small 

random weights and internal thresholds and then presenting all 

training data reputedly. Weights are adjusted after every trial 

using side information (desired results) specifying the correct 

class until weights converge and the cost function is reduced to 

an acceptable value. An essential component of the algorithm is 

the iterative method described below that propagates error terms 

required to adapt weights back from nodes in the output layer to 

nodes in lower layers. 

          Before beginning a hardware implementation of anANN, a 

number format (fixed, floating point etc.) must be considered for 

the inputs, weights and activation function. And also the 

precision (number of bits) should be considered. Increasing the 

precision of the design 

elements significantly increases the resources used. 

          Inputs from the outside World are fed to the nodes of the 

input layer. Each input layer node is connected to every node of 

the first hidden layer through weights. Every node of one hidden 

layer is connected to every node of the next higher layer (if any) 

and so on. The nodes of the last hidden layer are connected to the 

output nodes. 

The activation function of the response of the node is a non-

linear continuous function. The thresholds of these functions are 

set considering the requirements. The non-linear function used is 

the sigmoidal function. The Sigmoidal function is chosen 

because it functional response is more closely related to 

biological responses and hence a step towards brain modeling. 

Since the network training algorithm is supervised, the desired 

outputs are necessary and serve as a reference to calculate errors.  

             The weights of the connections between the nodes 

of one layer and that of the next layer are adjusted 

accordingly in such a way that the overall Mean Square 

error is minimized. 
Multi-layer feed forward networks are always trained in 

supervised manner with a highly popular algorithm known as the 

error back propagation algorithm. Basically, error back 

propagation learning consists of two passes through the different 

layers of the network: a forward pass and a backward pass. In the 

forward pass, an activity pattern (input vector) is applied to the 
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sensory node of the network, and its effect propagates through 

the network layer by layer. Finally, a set of outputs is produced 

as the actual response of the network. The synaptic weights of the 

networks are all fixed during the forward pass. The backward 

pass starts at the output layer by passing error signals leftward 

through the network and recursively computing the local gradient 

for each neuron. This permits the synaptic weights of the network 

to be all adjusted in accordance with an error-correction rule. A 

multi-layer perceptron has three distinctive characteristics: - 

The model of each neuron in the network includes a nonlinear 

activation function 

The network contains one or more layers of hidden neurons that 

are not part of the input or output of the network; 

The network exhibits a high degree of connectivity, determined 

by the synapses of the network.  Multi-layer feed forward 

structures are characterized by directed layered graphs and are 

the generalization of those earlier single layer structures. A 

typical multi-layer feed forward network consists of a set of 

sensory units that constitute the input layer, one or more hidden 

layers of computation nodes, and an output layer of computation 

nodes. The input signal propagates through the network in a 

forward direction on a layer-by-layer basis. To illustrate this 

process the three layer neural network with two inputs and one 

output,which is shown in the picture below 1, is used. Each 

neuron is composed of two units. First unit adds products of 

weights coefficients and inputsignals 

                                  FIG-1 

           The  second unit   realise nonlinear function,called neuron   

activation  function.  Signal  e  is  adder output  signal,  and  y = 

f(e) is  output  signal  of nonlinear element. Signal y is also 

output signal of  neuron.      

   

 
                                 FIG-2 

            
                              FIG-3 

 

yn represents output signal of neuron n.  

 
                     FIG-4 

                     
                   FIG-5     

               
FIG-6 

 

Propagation of signals through the hidden layer. Symbols wmn 

represents weights of connections between output of neuron m 

and input of neuron n in the next layer.  

 
                    FIG-7 
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                 FIG-8 

 

Propagation of signals through the output layer.  

 
                FIG-9 

             

 II. TRAINING 

Each variable is adjusted according to the following: 

X = X + a*dX; 

 

where dX is the search direction. The parameter a is selected to 

minimize the performance along the search direction. The line 

search function search Fcn is used to locate the minimum point. 

The first search direction is the negative of the gradient of 

performance. In succeeding iterations the search direction is 

computed from the new gradient and the previous steps and 

gradients, according to the following formula: 

dX = -gX + Ac*X_step + Bc*dgX; 

 

where gX is the gradient, X_step is the change in the weights on 

the previous iteration, and dgX is the change in the gradient from 

the last iteration. 

 

III. RANDOM INITIALIZATION 

The choice of initial weights will influence whether the net 

reaches a global (or only a local) minima of the error and, if so, 

how quickly it converges. The values for the initial weights must 

not be too large, or the initial input signals to each hidden or 

output unit will be likely to fall in the region where the derivative 

of the sigmoid function has a very small value (the saturation 

region). On the other hand, if the initial weights are too small, the 

net input to a hidden or output unit will be close to zero, which 

also causes extremely slow learning.  

A common procedure is to initialize the weights to random 

values between -0.5 and 0.5 (or between -1 and 1 or some other 

suitable interval). The values may be positive or negative because 

the final weights, after training, may be of either sign.  

Data Representation  

In many problems, input vectors and output vectors have 

components in the same range of values. Because one factor in 

the weight correction expression is the activation of the lower 

unit, units whose activations are zero will not learn. This 

suggests that learning may be improved if the input is 

represented in bipolar form and the bipolar sigmoid is used for 

the activation function.  

 

IV. FAULT DIAGNOSIS WITH MULTI LAYER 

PERCEPTRON 

The network has eight input nodes, one for every indication in 

fault and thirteen output nodes, one for every examined faulty 

section. The number of nodes in the hidden layer is nine. Both 

the hidden nodes and the output nodes use the bipolar sigmoid as 

the activation function given as follows: 

f (zin(j))  =         2              -1 for hidden nodes             

1 + exp (-zin(j)) 

f (yin(k)) =         2        -1 for output nodes.                                                 

1 + exp (-yin(k)) 

 

Eight different fault indications has been considered[23]. They 

are as listed below: 

Symptom No.1:  Main fuse blown out on switching on the 

instrument. 

a)Fault No.1:  Shorted Power supplies    

b)Fault No.2:  Shorted primary winding of the transformer 

 

Symptom No. 2 :No synchronization 

 a)Fault No.3.Synchronization ckt. Defective 

 

Symptom No. 3 No spot or trace 

 a)Fault No.4 grid to cathode potential of CRT was being 

improper 

 b)Fault No.5. Bad CRT  

 c)Fault No.6. Open filament and cathode  connection of    CRT 

 

Symptom No.4 Pilot lamp does not glow 

 a)Fault No.7. Defective lamp 

 b)Fault No.8 Defective mains cable or fuse  blown out 

 

Symptom No.5 General loss of intensity 

 a)Fault No.5. Bad CRT  

 b)Fault No.9 Defective high voltage power supply 

 c)Fault No 10. Mains voltage being too low 

    

Symptom No.6.No vertical shift 

 a)Fault No.11 Defective vertical amplifier 

 

 Symptom No. 7. No horizontal shift 

   a)Fault No.12. Defective horizontal amplifier 

  

Symptom No. 8. No horizontal deflective improper trace length 

  a)Fault No.13  Defective time base 

 

 

V.  RESULTS AND CONCLUSIONS 

 

 

We applied the feed forward gradient for fault diagnosis of CRO 

and found that gradient net has trained the network in 150 epochs  
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                   FIG-10 

 

 

The work has been implemented in MATLAB. 

After simulation on MATLAB. we done hardware 

implementation of neural network based system for which the 

HDL code  is simulated, synthesized, and implemented on CPLD 

–XC9572-7-PC84.The simulations results obtained using  Active 

HDL 8.1. are shown below in fig.11 

 

 
                          FIG-11    

 

The RTL Schematic & Technology Schematic are shown 

below in fig12 & fig13 

 

 

 
FIG-12 RTL Schematic  
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          FIG-13 Technology Schematic  
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