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The relationship between neural network (NN) performance and the parameters that form the
architecture of the neural network is complicated. This paper studies an issue that is still
controversial—the effect of the number of neurons and number of hidden layers on NN
performance. This paper tests if the above parameters affect network performance when the NN is
trained according to the quick stop strategy. It was determined that the number of neurons did not
have any effect on the NN performance for a single layer or a double layer network. It was also
found that the training error and calibration error could be poor indicators of the prediction

correlation coefficient.

Introduction

Many advances have been made in NN research in the past
two decades. Learning algorithms have gotten better as
computational capacities exploded. As the neural networks
saw a wide array of applications from electronics and
robotics to entertainment and financel, newer architectures
were developed to address these new issues. However,
despite all the advances, neural network modelling still
remains an art form due to a lack of a clear understanding
of the various design issues. With no firm guidance on the
selection of architecture, the problem is worsening, as
newer architectures seem to demand appropriate selection
of more and more heuristic parameters.

The recent advances have also resulted in calls for
modification of some prior knowledge, such as on the effect
of the number of neurons on NN performance. Generally, as
the number of neurons is increased, the network
understands relationships of a more complex nature.
However, it is believed that too many neurons can be
misleading, having excellent training performance but poor
prediction performancel. This is because the network
memorizes the noise in the data (which results in excellent
training), rather than simply model the general relationship,
i.e. the model over fits instead of generalizing. During
prediction, it applies to the data the erratic relationship it
learned, resulting in large errors. However, evidence has
been mounting that a large number of neurons may not be
deleterious to network performance if some precautions,
such as quick stopping (or calibration), are taken2.

Quick stopping

Quick stopping involves splitting the data into three parts,
one for training, one for calibration and one for prediction.
Training cycle consists of learning on the training data and
then predicting the calibration set. The network is never
exposed to the calibration data set in any way, i.e., the
calibration error is not backpropagated. Initially, as the
network learns, the calibration error decreases. However, at
some point, the calibration error goes up even though the
training error may keep going down. The quick stopping

method recommends stopping the training process at this
point, as the network has stopped generalizing. The weights -
for which the calibration is minimum represent the trained
network, and are used to predict the prediction data set to
evaluate the network.

Modelling

This paper applies neural networks for calibration of an on-
line ash analyser. On-line ash analysers are used to obtain
real time ash quality of coal on the running conveyor belt.
The analyszer in question bombards the coal stream with
gamma rays from Americium and Cesium and counts the
number of particles that make it through the coal. These
scintillation counts are then related to the ash content.
Traditionally, this relationship is expressed with a simple
equation, which has proved to be insufficient for run-of-
mine coal. This paper uses neural networks to relate the
scintillation counts to the ash content in the coal.

Architecture

The neural network had two inputs (Am scintillation counts
and Cs scintillation counts) and one output (percentage
ash). The total number of data points was 56, with the
number for training, calibration and prediction being 38, 9
and 9 respectively. The learning rate and momentum were
fixed at 0.1 and 0.1 respectively. The network performance
was measured using the metrics minimum training error,
correlation coefficient and percent predictions within 10 per
cent (termed accuracy). The network was trained until
either the calibration error reached 0.002 (approximately 5
per cent error) or number of training epochs was 200,000.
In a given training-and-calibration cycle, the best set of
weights were those for which the calibration error was the
lowest. These weights were then used to predict the
prediction data set. For a given architecture, training was
done multiple times to ensure that the best solution was
obtained. '

Effect of number of neurons
For studying this parameter, a single hidden layer network
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was used. The number of neurons in the hidden layer was
varied to contain 5, 10, 15, 20, 25, 30, 50, 75, 100, 200 and
1000 neurons.

Figure 1 plots the relationship between the neural
network performance parameters correlation coefficient of
predictions and accuracy, and the number of neurons.
Based on the prediction correlation coefficient, it is
apparent that initially, as the number of neurons increases,
the performance improves. But afterwards, the performance
decreases. However, given the nature of the problem (ash
prediction), the user is more concerned with the number of
predictions that are within a range of 10 per cent of the
magnitude of true value. Using this (accuracy) as a
criterion, the performance reaches a peak (at 50 neurons)
and then reduces and remains flat. It is interesting to note
that the correlation coefficient is not at the highest when the
performance peaks (based on the accuracy). However,
given the size of the prediction set, the variation in
performance cannot be deemed as significantly different for
the different number of neurons.

Another insightful outcome was the relationship between
training error and network performance. Even today, some
researchers put a lot of significance on the training error
and base their estimation of the network performance on the
training error. This can be misleading as evident from
Figure 2 that plots the relationship between the training
error and the accuracy and correlation coefficient. It is
apparent that the training error is not a good indicator of

either of the two parameters. The same can be said of
calibration error as well (Figure 3). Neural networks
perform differently on training, calibration and prediction
subsets when the three groups are statistically different, i.e.
the network is trained on one type of data, calibrated on
another and predictions tested on a third type. This problem
can be eliminated or reduced if one takes care to split the
dataset into three statistically identical subsets. Sometimes,
as in this case, that is easier said than done. The
appropriate selection of the three subsets will be the subject
of future work.

Number of layers

The number of neurons used was the same as in the
previous section, except that they were split into two hidden
layers. In the cases where the total number of neurons was
odd, the first layer had one neuron more than the second
layer. Figure 4 compares the relationship between the
number of neurons and accuracy for a single layer and a
double layer network. The performances are almost
identical except for the middle of the plot. However, given
the small size of the data set (only 9 prediction points), an
11 per cent difference in accuracy only corresponds to one
extra point. Given that the convergence of the weights
depends on the starting values, one point could very well be
part of the inherent variability in performance (repeated
training, with different starting weights, as was done here,
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Figure 1. Relationship between the number of neurons and network performance parameters
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Figure 2. Relationship between the training error and the prediction correlation coefficient and accuracy
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Figure 3. Relationship between the training error and the prediction correlation coefficient and accuracy
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Figure 4. Comparing accuracies of a single layer and double layer network

should ideally take care of the problem). Therefore, one
should probably interpret the performance as being
identical.

From Figure 4, it is also apparent that the number of
neurons did not have a significant impact on the accuracy,
as the accuracy varied between 44.4 per cent and 55.5 per
cent for predictions within the 10 per cent range.

Implication of neural modelling for ash
determination

It is evident from Figures 1 through 4 that the correlation
coefficients are not very high. Therefore, in application, the
individual predictions cannot be deemed very reliable.
However, the average of the predictions (12.9) is close to
the average of the true values (12.6). Given that in the
present work each sample point refers to only 20 seconds
worth of coal, the nine points in the prediction set only
amounts to three minutes of coal. In most mines, operators
only prefer to know the average quality every few minutes,
in which case, the neural network performance is
acceptable. The low correlation coefficients can be
attributed to the variability in the sample data as on-line
analyser readings (scintillation counts) typically have
significant short term variability3.

Conclusions

The effect of the architecture on a calibrated neural network
was studied. It was found that the number of neurons did
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not affect performance, and that the training and calibration
errors were bad indicators of neural network performance.
Also, there was no real difference between single layer and
double network prediction accuracies. Despite the low
correlation coefficients, the neural network performance is
very good on average.
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