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Summary

In this study, we test the ability of neural networks to detect and characterize
mafic signatures on unknown laboratory spectra.

We first use well characterized laboratory spectra of mafic minerals from both
natural and synthetic samples. As their composition in terms of olivine (OL),
orthopyroxene (OPX) and clinopyroxene (CPX) are known, those spectra are
given as inputs during the learning phase.

Then, in a second phase, we use the trained neural network to process spectra
acquired on SNCs meteorite samples that are effectively representative of Mars
surface.

Our preliminary results show that neural networks are able to detect and
characterize mafic minerals, even in the case of complex mixtures, with much
computer efficiency. This is very promising regarding future analysis of planetary
datasets.

Neural Network Approach

A neural network is a set of non-linear
connexions linking an input vector
and an output vector [1]. The use of
such a method typically requires two
phases: training on a known problem
and utilisation on unknown problems.

The connexions of the network are
initialized to random values (between
-1 and 1) but, in our case, its
topology remains constant.

Forward propagation of the information.

Topological structure of a multilayer
feedforward perceptron.

During the learning phase, a set of
laboratory spectra with various modal
and chemical compositions is
presented as input layers. Each input
point is then the reflectance for a
given wavelength of the considered
spectrum.

The information contained in the input is propagated in the the network, layer by
layer. All layer outputs are connected to all input points of the next layer, each
path being individually weighted. After summation and thresholding of the sum
in each neuron, the information is propagated through all layers and an output
vector is given.

Training/Learning process

A neural network needs to be trained on a known problem. “Trained” means that the
weight of its connexions must be adjusted to make the composition given by the
neural net (i.e., the effective outputs) fit the composition for each spectrum (i.e., the
expected outputs) with an acceptable error (we follow a gradient descent in error
space). To adjust the weight of the artificial neurons in the entire structure, the error
of each output points of the last layer is computed.

To obtain the error of the outputs within the neural network, we then use the “error
backpropagation” approach, allowed by the special structure of the perceptron
(neuron). An output is considered to be wrong if the sum of its weighted outputs
gives a large error in the next layer. Starting from the last layer, in which the error is
easy to compute, it is then possible to backpropagate the error layer by layer. The
weights of the connexions are modified using the error they generate. If a neuron
contributes strongly to a very wrong output, its weight is decreased and vice versa.
The figure below shows the decreasing of error during learning for various parameters.

The learning phase is stopped when the average error reaches 10 %. We use the
spectra with full resolution and the learning is not history-dependent.

Decreasing of the average output error (%) during the learning phase. (1) Number of points (i.e.,
spectral resolution) in input layer, (2) number of hidden layers, (3) number of neurons in each hidden
layer, (4) impact of the inertia of learning (red curve: history-dependent learning).

Learning set

Composition of the samples used
for the training.

Our neural network has been trained on a set of 190
spectra, some of them being representative of mixtures
while others are representative of mono-mineral samples
with various chemical compositions. Because of the lack
of available laboratory measurements, very few ternary
mixtures are included in the learning set. All the spectra
come from the Brown/RELAB library.

We select the wavelength range between 0.46 and 2.60 µm (where olivine and
pyroxenes have absorption features [2,3]) to compare the results with previous studies
that used other technics [4,5] while keeping full spectral resolution (6.6 nm). We
remove the first average slope of each spectrum.

Our tests showed that very good results are obtained with neural networks having
only one hidden layer (only one blue layer in figure 2) made of 40 neurons.

Results on SNCs’ spectra

SNCs modal compositions estimated using neural
networks (dots) compared to literature (squares).
When different spectra exist for one SNC, results
are distinguished using labels around the colored
fields.

Chemical compositions of two individual mafic
minerals in SNCs estimated using neural networks
(dots) and compared to literature (dashed lines).
Clinopyroxene modal abundances in the meteorites
are also reported.

These two figures show the results of the neural network on the
testing set (spectra of the SNCs’ meteorites). To explore the
reproductibility of the solution, we trained 10 identical neural
networks with different initial neural weights. The figures show that
the outputs of the networks (represented by colored points) are
focused in different localized areas for each spectrum.

The first figure shows the outputs of the network as the
OL-CPX-OPX compositions of the tested spectra compared to the
average range expected for each meteorite (from [6] and references
therein). The network is clearly able to detect pure and mixed
compositions with a satisfactory reproductibility. Discrepencies can
nevertheless occur, especially when a mineral is much less abundant
than the other. This may be directly related to the absorption
features which could be masked in a mixed spectra and implies, as
for other deconvolution techniques, to take detection thresholds
into account.

The second figure shows the chemical composition of
clinopyroxenes and olivines detected in each meteorite. Work is still
in progress considering the orthopyroxene component. Trends
observed in neural networks results can be related to the small
differences observed in CPX compositions in SNC meteorites.
Localized compositional areas are clearly identified and all of them
fall within the expected trends from laboratory measurements [6].
However, iron content in olivine is almost always moderately
overestimated (10 to 20%).

Conclusion and perspectives

The neural network we developed in this study shows promising results on SNCs. Indeed, only using
laboratory data as a training set (i.e. partial coverage of the whole range of possibility), we are able to detect
and characterize each mineral phase in an unknown spectrum.

In a next step, we will implement our neural network on an automated procedure which will analyze
individually each pixel of a CRISM image. This implies to deal with some additional difficulties (noise, weak
absorption features, complex photometry). Then, we should be able to process very quickly and efficiently
large amounts of data required to do Martian global “high resolution” geology.
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