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Abstract— We will use Matlab framework for 
training the neural network that uses Glass 
Identification data set. Glass Identification data set 
was generated to help in criminological 
investigation. At the scene of the crime, the glass 
left can be used as evidence, but only if it is 
correctly identified. Each example is classified as 
non-windows glass, windows glass,), containers, 
tableware and headlamps. 
The attributes are RI: refractive index, Na: Sodium 
(unit measurement: weight percent in corresponding 
oxide, as are attributes 4-10), Mg: Magnesium, Al: 
Aluminum, Si: Silicon, K: Potassium, Ca: 
Calcium,Ba: Barium, Fe: Iron                  .  
 

Main goal of this experiment is to train neural 
network to classify this 2 types of glass.  
Data set contains 214 instances, 9 numeric attributes 
and class name. Each instance has one of 2 possible 
classes. 

Keywords: artificial neural networks, back-

propagation training, pattern recognition, glass 

idenfication data set. 

Feedforward neural network  

Single layer network 

The simplest kind of neural network is a single-
layer perceptron network, which consists of a single 
layer of output nodes; the inputs are fed directly to 
the outputs via a series of weights. In this way it can 
be considered the simplest kind of feed-forward 
network. The sum of the products of the weights and 
the inputs is calculated in each node, 

 

Fig. 1 feed-forward neural network composed of 

single layer. 

 

Multi-layer feed-forward (MLF) neural networks 

MLF neural networks, trained with a back-
propagation learning algorithm, are the most popular 
neural networks. They are applied to a wide variety 
of chemistry related problems [1]. 

A MLF neural network consists of neurons that are 
ordered into layers (Fig. 2). The first layer is called 
the input layer, the last layer is called the output 
layer, and the layers between are hidden layers [2].  

 

Fig. 2 feed-forward neural network composed of 

three layers. 



Specialized versions of the feedforward network 

include fitting and pattern recognition networks. A 

variation on the feedforward network is the cascade 

forward network which has additional connections 

from the input to every layer, and from each layer to 

all following layers [3]. 

Back-propagation training algorithm 

 

In back-propagation algorithm the steepest-descent 

minimization method is used. This algorithm is 

called the back-propagation, because the output 

error propagates from the output layer through the 

hidden layers to the input layer [4]. 

 

Training and generalization 

 

The MLF neural network operates in two modes: 

Training and prediction mode. For the training of 

the MLF neural network and for the prediction 

using the MLF neural network we need two data 

sets, the training set and the set that we want to 

predict (test set). 

The training mode begins with arbitrary values of 

the weights - they might be random numbers – and 

proceeds iteratively. Each iteration of the complete 

training set is called an epoch. In each epoch the 

network adjusts the weights in the direction that 

reduces the error. 

As the iterative process of incremental adjustment 

continues, the weights gradually converge to the 

locally optimal set of values. Many epochs are 

usually required before training is completed. 

For a given training set, back-propagation learning 

may proceed in one of two basic ways: pattern 

mode and batch mode. In the pattern mode of 

backpropagation learning, weight updating is 

performed after the presentation of each training 

pattern. In the batch mode of back-propagation 

learning, weight updating is performed after the 

presentation of all the training examples (i.e. after 

the whole epoch). From an ‘on-line’ point of view, 

the pattern mode is preferred over the batch mode, 

because it requires less local storage for each 

synaptic connection. Moreover, given that the 

patterns are presented to the network in a random 

manner, the use of pattern-by-pattern updating of 

weights makes the search in weight space to 

stochastic, which makes it less likely for the back-

propagation algorithm to be trapped in a local 

minimum. On the other hand, the use of batch mode 

of training provides a more accurate estimate of the 

gradient vector.  

 

 Our work flow for the general neural network 

design process has seven primary steps: 

 
1. Collect data 

2. Create the network 

3. Configure the network 

4. Initialize the weights and biases 

5. Train the network 

6. Validate the network (post-training 
analysis) 

7. Use the network 

8. Results  

 

1. Collect data 

Before beginning the network design process, we 
first collect and prepare sample data. It is generally 
difficult to incorporate prior knowledge into a neural 
network, therefore the network can only be as 
accurate as the data that are used to train the 
network. 

It is important that the data cover the range of 
inputs for which the network will be used. 
Multilayer networks can be trained to generalize 
well within the range of inputs for which they have 
been trained. However, they do not have the ability 
to accurately extrapolate beyond this range, so it is 
important that the training data span the full range of 
the input space. 

After the data have been collected, there are two 
steps that need to be performed before the data are 
used to train the network: the data need to be 
preprocessed, and they need to be divided into 
subsets. The next two sections describe these two 
steps [5]. 

 

Dividing the Data: 



When training multilayer networks, the general 
practice is to first divide the data into three subsets. 
The first subset is the training set, which is used for 
computing the gradient and updating the network 
weights and biases. The second subset is the 
validation set. The error on the validation set is 
monitored during the training process. The 
validation error normally decreases during the initial 
phase of training, as does the training set error. 
However, when the network begins to overfit the 
data, the error on the validation set typically begins 
to rise. The network weights and biases are saved at 
the minimum of the validation set error. 

The test set error is not used during training, but it is 
used to compare different models. It is also useful to 
plot the test set error during the training process. If 
the error on the test set reaches a minimum at a 
significantly different iteration number than the 
validation set error, this might indicate a poor 
division of the data set. 

There are four functions provided for dividing data 
into training, validation and test sets. They are 
dividerand (the default), divideblock, divideint, and 
divideind. The data division is normally performed 
automatically when you train the network [6]. 

 

2. Create the network 

After the data has be collected, the next step in 
training a network is to create the network object. 
The function (feedforwardnet) creates a multilayer 
feedforward network. If this function is invoked 
with no input arguments, then a default network 
object is created that has not been configured, as was 
shown in Network Objects, Data, and Training 
Styles. The resulting network can then be configured 
with the configure command. 

load glass_dataset 

The next step is to create the network. The following 
call to feedforwardnet creates a two-layer network 
with 10 neurons in the hidden layer. (During the 
configuration step, the number of neurons in the 
output layer is set to one, which is the number of 
elements in each vector of targets.) 

net = feedforwardnet; 

net = patternnet(hiddenLayerSize); 

net = configure(net,glassInputs,glassTargets); 

Optional arguments can be provided to 
feedforwardnet. For instance, the first argument is 
an array containing the number of neurons in each 
hidden layer. (The default setting is 10, which means 
one hidden layer with 10 neurons. One hidden layer 
generally produces excellent results, but we may 
want to try two hidden layers, if the results with one 
are not adequate. Increasing the number of neurons 
in the hidden layer increases the power of the 
network, but requires more computation and is more 
likely to produce overfitting.) [7]. 

 

3. Configure the network 

Configuration is the process of setting network input 
and output sizes and ranges, input preprocessing 
settings and output postprocessing settings, and 
weight initialization settings to match input and 
target data. 

Configuration must happen before a network's 
weights and biases can be initialized. Unconfigured 
networks are automatically configured and 
initialized the first time train is called. Alternately, a 
network can be configured manually either by 
calling this function or by setting a network's input 
and output sizes, ranges, processing settings, and 
initialization settings properties manually [8]. 

 

4. Initialize the weights and biases 

 The second argument contains the name of the 
training function to be used. If no arguments are 
supplied, the default number of layers is 2, the 
default number of neurons in the hidden layer is 10, 
and the default training function is trainlm. The 
default transfer function for hidden layers is tansig 
and the default for the output layer is purelin. 

The configure command configures the network 
object and also initializes the weights and biases of 
the network; therefore the network is ready for 
training. There are times when we might want to 
reinitialize the weights, or to perform a custom 
initialization. Initializing Weights (init)  

net = init(net); 

Explains the details of the initialization process. We 
can also skip the configuration step and go directly 
to training the network. The train command will 



automatically configure the network and initialize 
the weights. 

5. Train the network 

Once the network weights and biases are 
initialized, the network is ready for training. The 
multilayer feedforward network can be trained for 
pattern recognition.  

The process of training a neural network involves 
tuning the values of the weights and biases of the 
network to optimize network performance, as 
defined by the network performance function 
net.performFcn. The default performance function 
for feedforward networks is mean square error 
(mse), the average squared error between the 
network outputs and the target outputs.  

The fastest training method function is generally 
trainlm (The Levenberg–Marquardt algorithm 
provides a numerical solution to the problem of 
minimizing a (generally nonlinear) function, over a 
space of parameters for the function), and it is the 
default training function for patternnet. The quasi-
Newton method, trainbfg, is also quite fast. Both of 
these methods tend to be less efficient for large 
networks (with thousands of weights), since they 
require more memory and more computation time 
for these cases.  

When training large networks, and when training 
pattern recognition networks, trainscg (Scaled 
Conjugate Gradient) and trainrp (Resilient 
Backpropagation) are good choices. Their memory 
requirements are relatively small [9]. 

6. Validate the network (post-training 
analysis)  

When the training is complete, we will want to 
check the network performance and determine if any 
changes need to be made to the training process, the 
network architecture or the data sets. The first thing 
to do is to check the training record, which was the 
second argument returned from the training function 
[10]. 

7. Use the network 

After the network is trained and validated, the 
network object can be used to calculate the network 
response to any input [11]. 

view (net) 

 

 

8. Results  

 

 

Fig.3 training network 1 hidden-layer of 70% of the 
samples  

 

 



Fig.4 training network 5 hidden-layers of 70% of the 
samples  

 

 

Fig.5 training network 10 hidden-layers of 70% of 
the samples  

 

 

 

Fig.6 training network 10 hidden-layer of 95% of 
the samples  

 

 

Fig.7 training network 1 hidden layer of 65% of the 
samples  

 

 

 

Fig.8 training network 10 hidden-layer of 70% of 
the samples using the mse and trainlm 

 

 



 

 

Fig.9 training network 10 hidden-layer of 70% of 
the samples using the sse and trainlm 

 

 

Fig.10 training network 10 hidden-layer of 70% of 
the samples using the mse and trainscg 

 

 

 

 

Fig.11 training network 10 hidden-layer of 70% of 
the samples using the mse and trainscg 

 

9. Conclusion  

In this study case we tried to get good results 
through using different training methods (trainlm 
and trianscg) and performance and error minimizing 
functions (sse and mse) also with changing the 
number of the hidden layer, we started by only one 
hidden layer and by the time we increased that 
number to five and ten hidden layers after what we 
observed that the error is becoming kind of contacts 
after the fifth hidden layer, then we fixed the hidden 
layer number on 10 and we changed the division of 
glass identification data between the training set the 
validation set and the test set, we observed that when 
we increase the training set data rate we get good 
results but the test set rate automatically increased 
which means that the probability of having error 
increased. 

It was recommended to use the Levenberg-
Marquardt (trainlm) as training function with the 
patternnet which is faster (good validation after the 
ninth epoch) than the (trainscg) scaled conjugate 
gradient (good validation after the sixteenth epoch). 

Later we changed the performance functions while 
we fixed the hidden layer on ten and the training 
function on (trainlm), we used first the sum square 
error performance function. Good results by using 
with the mean square error performance function 
(mse), the smallest error with ten epochs (Fig.8). 
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