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Abstract
Layered neural networks are a class of models based on neural computation in biological systems.

Connexionists models are made of a large number of simple computing structures, highly intercon-
nected. The weights assigned to the connections enable the encoding of the knowledge required for a
task. They can be trained to learn any input-output relation after selecting a suitable architecture.
This method appears useful in those cases in which a simple operation and a fast response are needed,
together with a reasonnable accuracy. They are applied here to the automatic analysis of X-ray flu-
orescence spectra, obtained with plastic bottles irradiate by collimated beam of photons, emitted by a
sealed source of iridium. The method could allow the surveillance of the measurement of uranium
quantities in nuclear fuel cycles in processing plants.

K e y w o r d s Pattern recognition, data analysis, Neural networks, supervised learning, regression,
Poisson distribution.

1 Introduction

Neural networks consist of a large number of neurons, i.e. simple linear or nonlinear computing elements,
interconnected in often complex ways and organized into layers [7]. The collective or parallel behaviour
of the network is determined by the way in which the nodes are physically connected and the relative
strengh and type (excitory or inhibitory) of the interaction amongst them. Artificial Neural Networks
(ANNs) are used by engineers, physicists, neurophysiologists, or computer scientists in three main ways:

• as models of biological nervous systems and intelligence

• as real-time adaptative signal processors or controllers for applications such as robots or nuclear
plants

• as data analysis methods.

The ANNs, like many statistical methods, are capable of processing vast amounts of data and making
predictions that are sometimes surprisingly accurate; this does not make them intelligent in the usual
sense of the word. ANNs learn in much the same way that many statistical algorithms do estimation.
This paper is concerned with ANNs for data analysis and the application to parameters estimation of a
chemical calibration process. Selection and validation of model structures are discussed. The reasons for
using ANNs are that:

• they can be trained on-line

• they can adapt to slow variations of system and will be able to diagnose abnormal conditions

• they are fault tolerant and hence, reliability is significantly improved.

There exist some cases where a situation is so precise and clear that a purely mathematical model can
be devised that is accepted as true within clearly defined conditions. However, in most circumstances we
lack clear knowledge of the underlying mechanims and relationships in the situation, our data is limited
in coverage and subject to error, namely in our fluorescence problem. In this context, ANNs are a useful
black-box alternative for the no apriori information modelling.
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2 Physical system

3 Statistical perspectives

3.1 Pattern recognition

The human observer is very good at recognizing patterns. He is able to associate a character such as "a"
or "b" with a particuliar sound and to distinguish a person from other people. It is clear the combination
of the human brains and eyes are very superior a computer algorithm. Note that, while making the figure
for two variables is not at all difficult, it becomes much more difficult to draw it for three variables or
dimensions. Clearly, three variables constitute the limit of our visual ability. This explains why much of
pattern recognition is concerned with the question: how does one condense m-dimensional information
in two or three dimensions? We have used the word pattern in an intuitive way. It seems our eyes and
brains use features to describe a sample and distinguish it from others. This list of features constitutes
a pattern. In the same way, we note that the fluoresence X spectra are all geometrically similar (the
distance between objects is therefore a measure of similarity).

Figure 1: 3D multi-spectral representation

The main sources of constant error for the determination of an analyte are:

• matrix effects due to the presence of components which inhibit the measurements

• random interferences influencing the sensitivity of the sensor

• saturation phenomenon in the limits of detection.

But these errors cannot be easily quantified, hence the model may be finally wrong in form, inaccurate
in the numerical values we use in it, inappropriate in some new situation to which we applly it. It should
be clear that we cannot expect our models to be true descriptions of reality. We have to judge it not in
terms of right or wrong but in terms of insight and use.

3.2 Reduction of the data space

From a statistical point of view, training a feedforward neural network with a fixed topology can be viewed
as estimating the parameters of a nonlinear regression function. If the topology is allowed to vary, then
network training can be viewed as an exercise in nonparametric regression [1]. The basic design principle
is to minimize the number of free parameters that must be determined by the learning algorithm i.e. the
"Back-Propagation", without overly reducing the computational power of the network: it is obtained by
introducing a certain amount of a priori knowledge about the problem, clearly in focusing our attention
on wellknown energies. [9]. data in a small of a data set.
In Principal Component Analysis (PCA), the new variables are considered as linear combinations of
the old ones (feature reduction). Alternatively, one may consider the m variables among n the most
informative (feature selection). In this discrimination view, the supressed variables reduce the signal-
to-noise ratio. Our method mixed the two approaches intuitively and use knowledge of flu ores cence-X



phenomenon l.
A much used method is to select the first p principal components (PC) in such a way that they account
for at least 80 or 90% of the total variation Y17=i «̂ f°r example the following condition:

P H i ^ 0 ' 8 (1)

Another criterion used to select PC is to keep eigenvalues of the correlation matrix which exceed 1.
Kaiser[6] introduced a selectivity parameter based on the elements of the data matrix, i.e. the sensivity
coefficients of the calibration process. The smallest value £ is the weakest part of the procedure and
according Kaiser, this minimum value determines the selectivity of the whole procedure. The knowledge
of correlations between analytical results may lead to important decision about the design of the analytical
procedure too (see Fahlman). Herault[4] propose new perspectives of data analysis with Independant
Component Analysis with MLPs.
7 variables per spectrum has been retained by using our mixed method. Figure 2 gives an impression of
the degree of correlation between the set of
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Figure 2: Normalized data Space

7 features (consisting in the main Ka peaks of 92U and 192/r) fixed to forecast the calibration process.
These 7 measurements define the 7-variate pattern or input space. This figure show clearly the isolation
of two clusters, the 7 objects are then caracterized by two variables.

4 Neural architecture

"Classical" solutions [8] to the automatic spectrum analysis problem make use of complex mathematical
algorithm, generally based on the separation of a given curve (the spectrum) into a combination of
individual curves, associated to each individual peak, plus a background. The latter is considered as a
negative element that detracts from the quality of analysis. It is not essential with ANNs to have a priori
knowledge of the real physical model. The basic idea is to construct a function to summerize the data:

Cu = F(Y) with y € ft" C ft4096, Cu £ K. (2)

if Cu quantify the uranium quantities and Y is the input vector of the counts and with the assumption
n <C 4096 . The estimate of the parameter values of the matrix F is called direct approach. The function
F compile each channel response of the spectra, as the one shown on the diagramm 3; it is clear that the
relation is far from the linear case.

4.1 Preprocessing the inputs

The number of examples needed to train a network depends on the nature of the calibration function to
be approximated and the network architecture. The learning network is directly fed with the previous 31

PCA plays a key role in filtering out the systematic error. In practice, PCA has important economic consequences.
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Figure 3: One channel Response

feature vectors (see figure 4). Former authors (LeCun and Boser, 1990) have shown that the architecture
of the netwok strongly influences the network's genralization ability.
Each input variable should be sifted so that its mean (averaged over the training set) is close to 0
because correlations between input variables introduce "preferred directions for weight changes" [11].
Decorrelation has been performed by a PCA (Karhunen-Loeve expansion). This transformation preserves
the aspect of the data base. The output is composed of the concentration, in 92U.
The connectionist must now deal with overfitting effects: indeed, when the net is overparametrized,
convergence is a nonsense: the net has learned the function and the interferences, he will tend to generalize
poorly. To help the net to fluctuate outside the training set values, a way consist of adding to the 20 x 31
"simulated" spectra obtained from real data by introducing ourselves uncertainties equal to ^fy[ from a
Poisson distribution 2 on each channel. The data collection was such that it covered a number of possible
configurations of the fluorescence system.

4.2 The model

The method of solution reported here relies more heavily on automatic learning, and much less on
signal processing. MLPs are general purpose, flexible, non-linear models that, given enough hidden
neurons and enough data, can approximate virtually any function to any desired degree of accuracy. In
others words, MLPs are universal approximators (Hornik, 1989). They can be used when you have little
knowledge about the form of the relationship between variables. You can vary the complexity of the MLP
model by varying the number of hidden layers and the number if neurons in each hidden layer. A fully
connected network with enough discriminative power for the task (one input neuron per channel for a
4096 channel spectrum) would have far too many parameters to be capable of generalizing correctly and
cause overfitting. With a small number of hidden neurons, an MLP is a parametric model that provides
a useful alternative to polynomial regression. The activity function in a MLP is analogous to the link
function in a Generalized Linear Model (GLIM) [10] [5]. GLIMs are fitted by Maximum Likelihood for a
variety of distributions in the exponential family. Maximum Likelihood for Poisson events is also used for
MLPs in which case the criterion is called cross entropy. Thus, in theory, GLIMs and MLP are almost the
same thing. In this simulation of the real process with a backpropagation approach we have difficulties
with:

• the number of data required to train a net

• the structure of the ANN (neurons on hidden layers for a given number on the input and output
layer)

• is there a stabilized statistical structure of the data ?

A fully connected network with enough discriminative power for the task (one input neuron per
channel for a 4096 channel spectrum) would have far too many parameters to be capable to generalize
correctly and cause overfilling [3]. If/ is the unknown input-output relation y = f(x) and vi the weights-
parameters vector, then our aim is to train the network, i.e. to select w such that the cost function

2The probability of obtaining i counts for a real channel counting \ counts can then be calculated as P(i) = —



E(y, f(w,x)) usually measured by the squared error between the target output y and that predicted by
the network /jv is minimised over all possible training examples in the weight space:

(3)

This equation can be used for the online training of the network. Iteratively, the weights are updated
by a stochastic least-mean-square error gradient descent rule. The training process is assumed to have
reached a stochastic equilibrium centered around a global minimum [1].

The choice of the right architecture is mainly intuitive and imply arbitrary decisions.The network
allows the fusion of information. Another complexity reduction method for neural networks consists of
training an oversized network and to reduce its size and to remove elements of the structure until the cost
function be minimized. To validate our model [2], we have used a popular heuristic for the prevention

of overfitting of the training data called cross validation: it consists of observing the generalization
performance of the network with a test dataset (that is not used in the training process), then, as soon
as its performance begin to deteriorate, training is stopped.

4.3 Results
Our fully connected architecture detailled in figure 4 is composed of an active layer of 5 inputs, one hidden
layer and one output. After 100.000 training passes the Mean Square Error (MSE) was 0,43 x 10~3. On
the whole test set the MSE was 0,33 x 10~3. We think this can be attributed to the large amount of
correlation present in real data. The error rates are compared on figure 5: the curve with rises and drops
is for the conventional regression and the curve that rises slowly corresponds to neural method. After
successful training, the larger errors occured on the shorter concentrations. The adapted net was able
to predict the larger uranium quantities better than the usual technics developped by Martinelli k. al.
We must put the blame on the excessively short size of the training dataset. The mere fact of getting a
reliable identification in such adverse conditions can be considered as a success of the method.

Figure 4: Comparison of quality of concentration estimation obtained with neural and classical regression
models

5 Conclusions
We have studied the feasability of applying ANNs for x-ray fluorescence spectra calibration. The network
is shown to be able to calculate uranium quantities. Our results appear to be at the state of art in auto-
matic quantifying methods of isotopes in a mixture of components. Based on a very simple application
of the Back-Propagation learning, this method has been demonstrated as a reliable tool for dealing with
real world task with low resolution detectors working even in adverse situations. Results may be better
than those obtained with standards methods in similar cases. Final network of connections and weights
could be easily implementable on commercial digital processing hardware.
Because if its architecture and the short size of real dataset, the network must be trained on a represen-
tation of data that had minimal preprocessing to avoid fitting. The net codes its own representation of



the data in the hidden layer whose nonlinear activation function allows the reduction of the complexity
size problem. Even the problem has been readily simplified, preliminary results show that the method
can be directly extended to larger tasks. A limitation of the method when applied to complex cases is the
training the need of training the net with numerous samples covering all the data space. The extension
to multiple outputs shouls be obvious.
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