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RAMAN SPECTRA MASSIVE CLASSIFICATION USING ARTIFICIAL NEURAL NETWORKS 
 
SABINA BOTTI, GIOVANNI DIPOPPA, ADRIANA PUIU, SALVATORE ALMAVIVA 
 
 
 
Sommario 
Questo lavoro esplora l’uso del “Machine Learning” per sviluppare metodi di identificazione automatica di sostanze 
chimiche a partire dagli spettri Raman. La parziale sovrapposizione degli spettri Raman di alcune sostanze di interesse e 
alcuni problemi di classificazione, hanno suggerito l’uso di una rete neurale (ANN) come algoritmo capace di lavorare, 
con ottimi risultati, in linea continua, elaborando spettri Raman provenienti dal sistema di rilevazione. I risultati 
dell’algoritmo ANN sono discussi confrontandoli con quelli ottenuti applicando la Principal Component Analysis 
(PCA).   
 
 
Parole chiave: Spettroscopia Raman, Reti Neurali, PCA.  
 
 
Abstract  
This paper explores the use of Machine Learning (ML) methods to develop automated system for the identification of 
chemical compounds from their Raman spectra. The presence of different substances of interest whose spectra 
signatures are often very close to each other and the occurrence of specific hard–to–solve classification problems 
suggested the use of an Artificial Neural Network (ANN) as software paradigm able to deal, with good performances, 
with on–line processing of Raman data coming from the detection system. The ANN results are discussed by comparing 
their performances against those of Principal Component Analysis.   
 
 
Keywords: Raman Spectroscopy, Artificial Neural Network, Principal Component Analysis. 
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1 Introduction

The specificity of vibrational Raman spectral signatures provides a powerful
and effective method for chemical identification of both simple molecular spe-
cies as well as more complex structures. Due to this unique ability, in spite
of its intrinsic weakness, the Raman spectroscopy is gaining a great interest
as analytical technique that does not require a preparation of samples, is not
destructive and requires acquisition times often less than one minute. However,
to use the Raman spectroscopy as on field technique it is necessary to develop
systems that may be operated by non - chemists minimally trained person-
nel for the automated detection and identification of analytes. The difficulty
in interpreting spectra is a natural consequence of visually inspecting high di-
mensional data sets. Unsupervised pattern recognition methods have therefore
been developed to automate the classification of data sets into defined clusters
by providing model as free approaches [1, 2].

In this work, we report on the development of an artificial neural network
that can correctly classify up to 16 different substances: picric acid, nitrocel-
lulose, TNT, tetryl, sodium azide, HMX, RDX, nitroguanidine, HMTD, TATP
(synthesised following two preparation steps), PETN, potassium chlorate, urea
nitrate, ammonium picrate, styphnic acid. These materials have been choose
because their identification can be of interest in the development of a compact
device for homeland security applications, but the implemented algorithm, with
minor changes, can be exploited for the classification of other kind of materials.

We previously used a cluster-based multivariate data analysis technique to
quantify the pattern reproducibility of Raman spectra taken from different re-
gion of the same sample. The standard deviation of the Raman signal and
background intensity was below the 10%, suitable for the spectral classification
within a priori library reference groups. As shown in the following, the applica-
tion of principal component analysis (PCA) drastically reduced the dimension-
ality of the spectral arrays, maximizing the spectral variances, 2D PCA plots
and hierarchical cluster analysis (HCA) dendrograms give a convenient repres-
entations showing the grouping of analytes. Although, PC cluster identifica-
tion methods based on Raman spectra exhibit enhanced specificity, compared to
other spectral fingerprinting schemes, the substantial overlap of spectral regions
of different chemical groups with the same reduced mass, naturally leads to a
grouping of analysed samples with some miss–assignments. Therefore, these
methods that resulted to be successful applied to few chemical species [3–7], do
not work well for a massive discrimination.

In this paper, we demonstrate that the use of customized auto–encoder
artificial neural network allows the correct classification of 16 samples with an
efficiency of 100%. The identification algorithm described here highlights the
effectiveness of Raman spectroscopy detection and identification approaches and
is of critical interest for the development of a rapid, reagentless and portable
diagnostic device.
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2 Raman spectroscopy

The Raman spectra were acquired with an integrated table–top Raman system
(BwTeK inc, i–Raman), in the wavelength range 789− 1048 nm, corresponding
to Raman shifts of 75 − 3000 cm−1, with a resolution of 3 cm−1. The near–
IR excitation eliminates most of sample fluorescence. Several spectra were
acquired from each sample with a laser power ranging from 150 to 300 mW and
acquisition times up to 30 s.

Looking at the spectral characteristics of the Raman spectra, the examined
substances can be divided in four groups. The first group contains the oxidiser
salts as potassium chlorate and urea nitrate (see Fig. 1).

Figure 1. Raman spectra of potassium chlorate, and urea nitrate excited at
785 nm. The line is the averaged spectrum.

The Raman spectra of these oxidizer salts are characterized by the vibration
of inorganic oxyanions: 620 cm−1, 930 cm−1, 975 cm−1 (ν3, ν1 and ν2 vibration
of ClO−3 ), 1040− 1060 cm−1 (symmetric stretching of NO−3 ), 1300− 1400 cm−1

(asymmetric stretching of NO−3 ).
The second group contains picric acid, styphnic acid, nitrocellulose, am-

monium picrate, TNT, tetryl and sodium azide (see Fig. 2). All these com-
pounds, with the exception of sodium azide, contain the nitro (NO2) group
with the characteristic vibration of symmetric (1360 cm−1) and a–symmetric
stretching (1560 cm−1). It is important to underline that the tetryl contains
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a trinitrobenzene and nitramine moiety, but the main vibrational features are
those of a nitroaromatic compound. The sodium azide (NaN3) is, from a chem-
ical point of view, an outlier of this group, but the ν1 vibration of internal group
N3 also falls at 1360 cm−1.

Figure 2. Raman spectra of styphnic acid, picric acid, TNT, tetryl, ammonium
picrate, nitrocellulose and sodium azide, the main vibration features are indic-
ated.

The HMX, nitroguanidine, HMTD, TATP and PETN belongs to the third
group. As shown in (see Fig. 3), their Raman spectra are characterised by the
vibration in the 750 − 950 cm−1 region due to the C–O, C–C ring stretching
(TATP), O–O stretch (TATP and HMTD), C–N–C stretching (RDX, HMX and
nitroguanidine) and O–N stretching (PETN); in the 1200 − 1300 cm−1 region
ascribed to the NO2 symmetric stretching (PETN and nitroguanidine), C–C–
C bend (TATP), C–N stretching (HMTD, very weak) and 1400 − 1600 cm−1

characteristic of NO2 asymmetric stretching (PETN, HMX and nitroguanidine),
H–C–H bend (TATP) and CH–C stretching (HMTD).

The observed variations in the Raman spectra across the samples play a
critical role in the ability to discriminate and identify between the different
compounds. A key component of any Raman spectroscopy based diagnostic
platform is a data reduction protocol for accurate identification without any
miss–assignment. These methods quantify the reproducible specificity of a
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given spectroscopic trace and permit the spectral classification through the
comparison with library reference spectra. The PCA is employed to reduce the
dimensionality of the spectral arrays, and to identify which are the factors that
mainly affect the spectral variation across the different samples. We expect
that identification methods based on Raman spectra should exhibit enhanced
specificity.

Figure 3. Raman spectra of HMTD, HMX, RDX, PETN and TATP excited at
785 nm.

2.1 Clustering with PCA

Principal Component Analysis (PCA) is a statistical procedure that uses or-
thogonal transformation to convert a set of observations of possibly correlated
variables into a set of values of linearly uncorrelated variables called principal
components. The number of principal components is less than or equal to the
number of original variables. This transformation is defined in such a way that
the first principal component has the largest possible variance (that is, accounts
for as much of the variability in the data as possible), and each succeeding com-
ponent in turn has the highest variance possible under the constraint that it
is orthogonal to (i.e., uncorrelated with) the preceding components. Principal
components are guaranteed to be independent if the data set is jointly normally
distributed. PCA is sensitive to the relative scaling of the original variables.
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All the spectra were normalised to their maximum value, the spectral back-
ground was removed and the spectra were truncated in the 550 − 1600 cm−1

region which contains all the relevant vibrational features, thus avoiding that
small and non relevant bands can acquire the same importance as the large
bands related to important functional groups. In this way a data matrix of
66 samples and 536 data points was constructed to be submitted to the PCA
algorithm developed in a MATLAB environment.

PCA shows that the first three principal components explains the 62% of the
overall spectral variation. The corresponding loading plots, which indicate the
specific contribution of each vibrational band in the total variance of spectral
data, are reported in Fig. 4.

Figure 4. Loading plots for the first three components. Same scale for all the
plots.

The first principal component, PC1, which accounts for the 37.7% of spec-
tral variance, has four main peaks: 850 cm−1, 880 cm−1 that correspond to
the C-N-C ring breathing (RDX, HMX and tetryl), 1290 cm−1 ascribed to the
symmetric stretching in nitrate esters as PETN and N-N stretching in ammines
as RDX and HMX, 1360 cm−1 due to the NO2 symmetric stretching vibration
in nitroaromatics as styphnic acid, ammonium picrate, picric acid, TNT, nitro-
cellulose and tetryl which contains a trinitrobenzene and nitramine moiety, but
the main vibrational features are those of a nitroaromatic compound. In the
second component, PC2, with an explained spectral variance of 14.1%, the peak
at 860 cm−1 corresponds to the O-O stretching in TATP and HMTD and O-N
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stretching in PETN, that at 950 cm−1 corresponds to the C-C, C-O stretching
in TATP and C-N stretching in HMTD. These peaks are superimposed with the
C-N-C stretching peaks of PC1. The loading plot for PC3, which explains the
10.2% of spectral variance shows, besides smaller peaks in position equivalent
to those in the PC2 loading plot, exhibits strong bands in the region of NO2

scissoring modes (770 cm−1) and symmetric stretching (1360 cm−1) in nitro–
aromatics. It is worth to note that also the N3 internal vibration in azide has
a strong peak in the same position of NO2 symmetric stretching. In Tab. 1 the
above mentioned vibrational modes assignment are summarized.

Raman shift (cm−1) Assignment

1360− 1390
NO2 symmetric stretching (nitroaromatics compunds)

C-N stretching (HMTD)
N3 ν1 mode of azide

1250− 1290
N-N stretching of ammines

NO2 symmetric stretching (ester nitrates)

750− 950

C-C, C-O, O-O ring stretch in peroxides
C-N-C, C-N stretching (HMX, RDX, nitroguanidine)

ClO3 ν1 vibration
NO2 scissoring (nitroaromatics)

C-H (ring) bending (nitroaromatics)

Table 1. Raman shift vibrational modes assignment.

Fig. 5 shows the PCA plot for the PC1 and PC2, the two largest principal
components of the dataset, which explain 51.8% of the spectral variance and ex-
hibit the greatest cluster separation. In this plot, each sample is represented by
a point, and several groups, each corresponding to an explosive compound can
be identified. In addition, for each clustered species, an ellipse corresponding
to a standard deviation for the PCA values has been drawn. These rings are a
representation of the reproducibility of the data, in fact the samples with higher
signal–to–noise ratio (SNR) Raman spectra are closely related (this is the case
of oxidizer salts) while other compounds, as nitrocellulose, have a very large
distribution of points. In principle, such standard deviation rings can be used
as one measure of the diagnostic specificity offered by Raman spectroscopy.

As shown in the PC1 vs. PC2 plot reported in Fig. 5, the PCA analysis based
on the Raman spectra, shows well- separated clusters, except those of HMTD
and nitroguanidine that are substantially overlapped. However, nitro-amines
and nitrate esters cannot be separately classified because the clusters of HMX,
RDX, MHTD, nitroguadine and PETN are very close. This can be explained
considering that the PCs exhibit as spectral striking feature the vibration of
C-N-C bond which overlaps the C-N and O-N stretching frequency. Again,
azide cluster is very close to those of nitro-aromatics compounds due to the
overlapping of N3 ν1 stretching mode and NO2 symmetric stretching. The
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Figure 5. A PCA 2D score plot of PC1 versus PC2 for the Raman spectra
dataset. The percent variance captured by each of these principal components
is indicated in parenthesis along the corresponding PCA axis.

nitrocellulose cluster is judged to be distinct from the other nitro–aromatics
compounds.

The application of PCA to the Raman spectra expressed by 536 different
wavelengths has allowed to reduce the output to only three components, how-
ever the score plot indicates that the proposed model is not able to correctly
group all the compounds.

Hierarchical cluster analysis (HCA) was performed by using the Unweighted
Pair–Group Average (UPGMA) algorithm. Clusters are joined based on the
average distance between all members in the two groups. The distance matrix
was computed using ’Cosine’ indices in which the distances are calculated as the
inner product of abundances, each normalized to the cosine of the angle between
the vectors. With this method, first the scores from two cases across variables
are correlated and in a second step the cosine angle of that correlation is find. In
order to group together substances with similar spectral features, we choose to
use ’Cosine’ index because ignores level differences between samples and looks
only at shape differences. The cophenetic correlation coefficient which gives
the measure of how faithfully the dendrogram (hierarchical tree) preserves the
pairwise distances between the original unmodeled data points was calculated
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to be 0.82, which is a good result. The magnitude of this value should be as
close as possible to 1 for a high-quality solution.

Figure 6. HCA dendogram corresponding to PCA clustering.

The corresponding distance-based HCA dendrogram shown in Figure 6 con-
veys the same assignment difficulty in the grouping of the nitro-amines and
nitrate esters. It is also interesting to note that within this data set the ni-
tro cellulose is judged more similar to PETN than to Tetryl or TNT, while the
azide is considered apart from the nitro-aromatic group on the contrary of what
happens with PCA clustering.
All the reported results indicate that this kind of approaches, that are successful
for the correct classification of a small number of samples, are no more suitable
for a massive discrimination.
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3 Machine Learning Foundation

In nature a neuron consists of 3 main parts (see Fig. 7):

• soma, i.e. the cell body;

• axon, i.e. output line of the neuron only, that can be also separated into
thousands of branches;

• dendrite, or dendritic tree since its extensive branching remember the
shape of a tree, it is the neuron input line receiving the signals from other
axons through the synapses.

Figure 7. Structure of a neuron: researchers found in their latest realistic model
of neurons that a second electrical potential forms on the membrane of the cell.
Unless that potential increases above a fixed threshold the neuron remains in
idle state.

The cell body performs a weighting algebraic sum (integration) of the input
signals. If the result exceeds a certain threshold value then the neuron becomes
active and produces a potential action which is sent to the axon. If it does not
exceed the threshold value, the neuron remains in idle state.

An artificial neural network receives external signals on one input layer of
nodes (processing unit), each of which is connected with a number of internal
nodes, organized in several levels. Each node processes the received signals and
transmits the result to succeeding nodes.

An artificial neuron [8] is the fundamental calculus unit of the neural net-
work and in the neural model it is formed from three basic elements (see Fig. 8):

• a set of synapses or connections, each of which is characterized by a weight
(synaptic efficacy), unlike the human model, the artificial weights can have
both positive and negative values;
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• an adder that sums the weighted inputs from the respective signals in the
synapse, producing in output a linear combination of the inputs;

• an activation function for limiting the amplitude of the output of a neuron.
Typically, for convenience, the output amplitude is in the interval [0, 1]
or [−1, 1].

Figure 8. Artificial neuron: it is a mathematical function conceived as a crude
model, or abstraction of biological neurons.

The neuronal model also includes a threshold value which has the effect,
depending on its positivity or negativity, to increase or decrease the net input
to the activation function.

3.1 Paradigm: the Artificial Neural Network

A typical Artificial Neural Network (ANN) is built out from simple, non-
intelligent units (neurons) which are connected together, becoming able to per-
form very complex signal processing.

In the learning phase, an ANN is presented with input data set and is trained
to fire out the desired values at output layer. The training algorithm iteratively
modifies weights on connections through which signals are transmitted, in order
to minimize gap between network output and desired one.

The Autoencoder Model, i.e. an Autoassociative Neural Network Encoder,
or simply autoencoder (see Fig. 9), has two primary features:

• Autoassociative Feature: the network is trained to reproduce at the
output layer the same values presented as input. For this reason input and
output layer have the same size (i.e. the same number of neural units).

• Bottleneck Layer: at least one of the network hidden layers must be
smaller than both input and output.

The architecture selected in this work consists of an input layer, five hidden
layers and an output layer (see Fig. 10). The first three hidden layers shape
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Figure 9. Structure of ANN and related neurode, a simple processing element of
a neural network having several input signals. It is highlighted the dual nature
function of the node: linear in input signals processing, nonlinear elaboration
of the output through the use of the activation function.

a feature detection architecture in which bottleneck layer plays the key role in
the identity mapping, as it forces the network to develop a compact representa-
tion of the training data that better models the underlying system parameters.
In fact, they constitute a structure able to capture the characteristics of the
domain:

• mapping layer, with size greater than the input layer;

• bottleneck layer, it must have a lower number of units compared to the
other layers of the network. At this level the operation of encoding itself
occurs: in particular, the information contained in the domain input is
essentially projected within a space of lower dimension;

• de-mapping layer, it has the same dimensions of the layer of mapping.

Therefore the network architecture is constituted by an input layer, three
decoder-encoder hidden layers, two hidden layers driving to classification and
finally the classification output layer with 16 nodes, i.e. the number of com-
pounds to be recognised.

Autoencoder Input

Some data preprocessing is needed in order to feed the autoencoder with Raman
measures: normalization inside interval [−1, 1] of the spectra and filtering of
data containing anomalies. It is evident that, in this step, the expertise in
Raman spectra interpretation is needed. In fact, the training must be conducted
only with reliable and suitable data for the classification procedure. In some
cases, it can be useful to make an appropriate sampling among the available
measures to reduce input and output layer size, thus saving time in training
phase.

17



In mathematical terms we describe a neuron k with the following equations:

uk =
m∑
i

wkj · xj

yk = ϕ(uk + bk)

(1)

where:

• xi, i.e. synaptic weights of kth neuron;

• uk, i.e. linear combination of the inputs into neuron;

• bk, i.e. the threshold value of kth neuron, it can be inserted inside the uk
so as to remove the additional factor inside function;

• ϕ(x), i.e. activation function;

• yk, it is the output generated by kth neuron.

Figure 10. Example of architecture for autoencoder model. It is a standard
architecture Feed Forward fully connected, with three hidden layers. The bottle-
neck layer always must have a dimension strictly lower than the input layers of
the network.

The way in which the network is structured, depends on the used learning
algorithm. In general, three classes of networks are identified:

• in the simplest form of a layer feedforward network, there are the input
nodes (input layer) and a layer of neurons (the output layer). The signal
in the network propagates forward so acyclic, starting from the input layer
and ending in the output. There are connections that go back and even
cross-connections in the output layer;
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• the class of Multilayer Feedforward networks differs from the previous
by the fact that between the input layer and the output we have one or
more layers of hidden neurons (hidden layers). Each layer has incom-
ing connections from the previous layer and outgoing links in the next,
then the signal propagation takes place along without cycles and without
cross-connections.This type of network architecture provides a global per-
spective as they increase the interactions between neurons;

• a Recurrent Network (or feedback) differs from the previous ones in that
it is cyclical. The presence of cycles has a strong impact on the learning
capacity of the network and its performance. In particular, it determines
the system dynamic.

3.2 Learning Processes

Different types of learning can be applied to neural networks: the learning with
error correction, the memory–based learning, the Hebbian [9] Learning and the
competitive learning.

The first technique consists of constantly correcting the error reporting, as
each neuron k receives as input a signal stimulus x(n) and generates a response
yk(n), where n is a discrete time. We denote also by dk(n) the desired response.
Consequently, it generates an error signal ek(n):

ek(n) = dk(n)− yk(n). (2)

The error signal Ek(n) implements a control mechanism with the aim of
applying a value adjustments sequence to the synaptic weights of the kth neuron
in order to approximate the response to the desired one. This process takes one
step at a time by minimizing a cost function:

E(n) =
1

2
· e2k(n) (3)

To do this, we resort to the gradient method (Fig. 11) or the Widrow-Hoff
method [10]. Let wkj(n) the synaptic weights of the kth neuron excited by the
element xj(n) (i.e. the stimulus signal), then the adjustment applied to wkj(n)
is:

∆wkj = η · ek(n) · xj(n) (4)

where η is a positive constant known as learning rate. The new weights will be
then:

wkj(n+ 1) = wkj(n) + ∆wkj(n) (5)

The learning with error correction is an example of a system whose stability
depends on the parameters that constitute the cycle and in particular η. The
choice of this parameter is very important because it affects the convergence
and stability of the whole learning process.

On memory–based learning, all (or many) of past experiences are stored in
a large memory input–output pairs that are correctly classified, {(xi, di)}ni=1,
where xi is the input vector and di is the desired response that, without loss
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Figure 11. Representation of surface error for a perceptron with three units,
connected by two links, whose weights are indicated in the figure by w1 and w2:
the hypotheses space is therefore identified by the plan w1 ∗ w2. The training
algorithm modifies the weights by calculating the gradient descent down the er-
ror surface, with the objective to reach its global minimum. For the case of
multilayer ANN multiple minimum local exist.

of generality, has been reduced to a scalar. When it will be requested, the
classification of an instance never met before xtest, the system will answer by
finding and analyzing samples stored in a neighborhood of xtest. All learning
methods based on memory comprise two basic ingredients:

• the criterion used to define the neighborhood of xtest;

• the learning method applied to examples in xtest neighborhood.

An example of this method is the nearest neighbour [11] where the closest
example to the example test x

′
N is the one that has the minimum Euclidean

distance.
x

′
N ∈ {x1, x2, . . . , xN}

min
i

[d(xi, xtest)] = d(x
′
N , xtest)

(6)

where d is the Euclidean distance. The class that is assigned to xtest is the same
as x

′
N . A variant of this method is the k-nearest neighbour [12] in which:

• around the test example is not only one, but the set of k closest examples
stored;
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• the assigned class is the one with the higher frequency in the neighborhood
of the example test.

The third ranking technique is called Hebbian, from the Hebb postulate [9]
on learning: when an axon of a neuron A is near enough to excite a neuron B,
and this, in a repetitive and persistent way, sends a potential action, in one or
both of the neurons the A efficiency starts growing.

From this postulate it is possible to derive two basic rules:

• if two neurons connected by a synapse are activated simultaneously, then
the weight of the synapse is progressively increased;

• if two connected neurons are activated asynchronously, then the weight
of the synapse is progressively reduced or eliminated.

Synapses of this type are called Hebbian.
In the fourth learning type, i.e. the competitive learning, the output neurons

compete with each other to become active, but only one neuron can be active
at a given time n. There are three basic elements for a method of competitive
learning:

1. a set of neurons less than the randomly generated synaptic weights, which
respond differently to a given set of inputs;

2. a limit to the strength of each neuron;

3. a mechanism that allows neurons to compete for responding to a given
subset of inputs, so that only one neuron, or one for group, is active at a
given time. The winning neuron is called winner-takes-all.

In this way, the neurons tend to specialize on a set of similar input becoming
recognizers characteristics for different classes of inputs. In its simplest form
the neural network has a single layer of output neurons, fully connected to
the input nodes (forward excitatory connections). The network can include
connections between neurons that lead to lateral inhibition (inhibitory feedback
connections). The kth neuron that wins the competition is the one with input
net vk higher for a given input x. The output signal of the neuron yk (victorious)
is set to 1, while the other is set to 0.

yk =

{
1 se vk > vj ∀j, j 6= k

0 otherwise
(7)

where vk is the linear combination of all input and feedback forward. Let
wkj ≥ 0 the synaptic weights between j and k input neuron. Let suppose that
each neuron has a fixed amount of synaptic weight distributed between the
input nodes: ∑

j

wkj = 1 ∀k (8)
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The neuron that wins the competition learns by shifting synaptic weights from
the inactive inputs to active. To do this, it uses the standard rule of competitive
learning:

∆wkj =

{
η · (xj − wkj) if k neuron wins

0 otherwise
(9)

3.3 The ANN architecture

A network consists of a set of inputs (input layer), one or more hidden layers
of neurons and a set of output neurons. The input signal propagates through
the network forward from layer to layer. Each neuron includes a differentiable
nonlinear activation function (e.g., sigmoid function), the network contains
one or more hidden layers that are not part of either the input or the output of
the network, which finally has a high connectivity.

An efficient method for the network training is the back-propagation al-
gorithm, where we can identify two different types of signals:

1. function signals: input signal or stimulus that enters the input layer
and propagates forward through the hidden layer to the output layer,
emerging as an output signal;

2. error signal: its origin is in the output layer and propagates back through
the network.

Each hidden neuron or the output of a pattern multilayer perceptron
performs only two computations: that of function signal, expressed as a non-
linear function of a continuous input signal and of synaptic weights associated
to the neuron, and that of a gradient vector required for updating synaptic
weights.

The error signal of the output neuron j iteration n (presentation of the nth

instance of the training set) is defined by:

ej(n) = dj(n)− yj(n) (10)

where:

• dj(n) is the expected output of the neuron j;

• yj(n) is the output of neuron j.

The total error of the output layer presenting the nth instance of the training
set is defined as:

E(n) =
1

2
·
∑
j∈C

e2j (n) (11)

where C is the set of neurons that form the output layer.
With N total number of patterns contained in the training set, the mean

square error is the cost function:

Eav =
1

N
·

N∑
i=1

E(i) (12)
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Then the goal of the training is to minimize Eav adjusting the free parameters
of the neural network.

3.4 Neural Network Parameters

The learning algorithm for Neural Networks requires certain parameters such
as the learning rate, momentum, type of activation function of each neuron,
error calculation function and the network topology to train and test. In this
work, the first goal to achieve is to find a structure of adequate network while the
optimization of the parameters remains a secondary aspect. In fact, considering
the type of data and physical principles that characterise them, it is seen that
spectra values are ranging in the intervals (normalized or not) centered at 0,
i.e. absence of scattering. Therefore, the activation function is a sigmoid that
admits symmetric values in the range [−1, 1].

The output consists of 16 neurons that emit continuous values in the interval
[0, 1] and in the studied cases, more precise values, as close to the classifications
(0 and 1) as one can wish.

By fixing the number of input and output nodes, we tried to vary the num-
ber of intermediate levels and relative quantity of neurons per layer. Several
configurations were tested on a training for a maximum of 4000 epochs, or by
following the empirical law:

• H1 s.t. |H1| ' O(n2 );

• H2 s.t. |H1| ' O(n2 )|H2| ' O(n4 );

• H3 s.t. |H1| ' O(n2 )|H2| ' O(n), |H3| ' O(n4 ),

where H stands for Hidden Layer, n is the number of input nodes and O is the
output layer; or by following another technique, having excellent performance
in image recognition, which provides a compression followed by an expansion:

• H1 s.t. |H1| ' O(n);

• H2 s.t. |H1| ' O(n), |H2| ' O(n4 ).

3.5 Creating Datasets

In order to train Machine Learning algorithms a knowledge base needs from
which to extract a function assumed would be impossible to describe. The
approach taken in this area, as mentioned, is definitely to obtain a classification
panel function. The acquired data should be grouped into two sets T and S,
respectively, the set for the training and test. Typically T ⊆ S, but it is good
practice to use subsets such that T ⊂ S so as to avoid a overfitting on the
training data [13].

In these sets each vector is associated with the classification arbitrarily a–
priori determined (supervised learning). This decision must be, however, mostly
consisting of all S. Clearly classify the opposite ∀v ∈ A ⊂ S and ∀w ∈ B ⊆ S
such that A ∩ B 6= ∅ make all the more inaccurate the resulting function is
greater than |A ∩B|.
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3.6 Results

Learning from Labeled Data

The learning task has been traditionally studied as Supervised Learning
framework [14]. This paradigm assumes that there is a training set consisting
of data points x (from some set X) and their labels y (from some set Y ), and
the goal is to learn a function f : X → Y that will accurately predict the
labels of data points arising in the future. In practice, labels must be explicitly
associated to the patterns. This work could become time expensive, but it is an
important preparatory phase to be accurately performed by the Raman spectra
experts. So, our Teaching Output is a Matrix m× n, where:

Yn columns are the memberships (or not) for each sample established for the
training. The membership is identified with a value equal to 1;

Xm rows are ~x vectors to be read as the labels of samples. Therefore, each row
of Teaching Matrix, originally filled with 0, can carry only one box with
a value equal to 1.

In this way, the Weight Matrix is trained to learn the Target Function, in our
case a correct classification of the Raman spectra. So, the expected result, in
the subsequent test, is a new Output Matrix, approximating with asyntothic
trend 0.0, except for the diagonal, which data accuracy are near to 1.0 for
every single box. For example, all the matrix elements ai,j (with i = j), in
the case of exactly the same Inputs for training and testing. Having acquired
this result with the desired threshold of the permitted error (i.e. the difference
between Teaching Output and Output Matrix), ANN can be applied to any
other input that meets the requirements of the reference domain (result that
has been reached).

Procedure and Testing Results

The used tool has been Scilab version 5.4.1 [15] with third party ANN ToolBox
version 0.4.2.5 [16]. The training uses a standard on-line (i.e. it applies incre-
mental methods since the parameters are updated at each individual pattern
of the training set) back-propagation algorithm with Bias, containing a Sum
Squared Error (SSE) performance function.

All analyzed samples were combined into a single matrix, cutting off the
initial ramp and the final part of the Raman spectra which do not contain
significant informations.

The second step consisted to normalize the samples matrix inside [-1,1]
interval: it is a requirement for the used activation function, the symmetric
sigmoid (3D graphic representation of this matrix is shown in Fig. 12).

In this work, we made the choice to not report both the intuition which
leaded to design several hidden layers logically divided into two functional blocks
as well as the numerous and tedious attempts to finally get a robust and general
neural network, since this process explicits in its approach to ANN architecture
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Figure 12. All the spectra, covering 16 types of different substances, are included
in this matrix normalized in the range [−1, 1]. There are 66 samples. After
the cutting operation, on top and tail, spectra still maintain more than 536
significant data, that are sufficient to have appropriate patterns.

(all that started from previous experiments based on ANN autoencoder archi-
tecture [17] applied in the trend prediction of certain physical phenomena). In
fact, the topology of this ANN, full connected, has been so organized (the round
brackets enclose nodes cardinality):

• m = 536, i.e. the number of input nodes

• k = 16, i.e. the number of membership classes

Network allotment for an acceptable Input replica

I(m) H1(' (1.5×m)) H2(' (0.5×m)) H3(' (1.5×m))

Hypothetical Output (suppressed layer)

O(m)

Network allotment for classifier

H4(' (0.22×m)) H5(' (0.08×m)) O(k)

Consequently, to connect the two functional blocks, links were added among
the nodes of H3 and H4 hidden layers. Here it is worth underlining that the
real aim of ANN first functional block is to emphasize the slopes and peaks of
Raman spectra to generate new patterns that are more suitable to increase the
probability of correctly discriminate the spectra (this is the mission of ANN
second functional block).

Other parameters were:

• Weights matrix initialited to 0.0

• BIAS (threshold activation) initialited to [-1,1]

• Epochs number: fixed to 1500

• Learning Rate: 2.5
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• Momentum: 0.0

The epochs number was the best balance among the desired result and
computational available resources and this number can be determined only
after the running of several tests.

The testing, conducted with the same samples used for the training, but
entered to the network in a random order, has provided the results reported in
Tab. 2.

ANN Performance (best values nearest to 1)

Substances mean high low

Picric Acid 0.990046 0.990148 0.990003

HMX 0.990525 0.991083 0.990003

N–Guanidine 0.990030 0.990099 0.990002

Urea Nitrate 0.990146 0.990300 0.990001

Nitrocellulose 0.990298 0.991191 0.989998

PETN 0.990299 0.990434 0.990003

RDX 0.990308 0.990485 0.990000

Tetryl 0.990219 0.990439 0.990003

TNT 0.853106 0.990094 0.443398

Azide 0.990643 0.990893 0.989999

HMDT 0.990597 0.991189 0.989999

TATP 0.990643 0.991688 0.989998

TATP Art 0.989101 0.989152 0.989050

Potassium chlorate 0.990275 0.990451 0.990007

Styphnic Acid 0.990024 0.990046 0.990003

Ammonium Picrate 0.990341 0.990823 0.990007

Table 2. Results of ANN identification testing procedure.

The worst result of Tab. 2 was obtained for the TNT Raman spectrum
reported in Fig. 13, curve (b), which has SNR = 15 much lower than that of
Raman spectra used for the training procedure, i.e. SNR = 200 as curve (a) of
Fig. 13. The noisy spectrum has been intentionally introduced in the testing
data set to verify the real potentiality of the identification algorithm.

This specific ANN architecture, independently on the used platform is very
time consuming in the training phase, but it has a wide range of applications.
It has been also successfully tested on spectra of biological samples (Spores
and Bacillus), that have a very different behaviours when scanned with Raman
device. Finally, we can confirm that featuring the network topology with two
functional hidden blocks, we reached the desired results.

In all case, the experiment was conducted on a MacBook Pro with Mac
OSX Lion as operative system, so configured:

CPU 2, 6 GHz IntelCore i7;

RAM 16 GB 1600 MHz DDR3.
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Figure 13. TNT Raman spectra for 10 s acquisition time: (a) 150 mW laser
power, SNR = 200; (b) 30 mW laser power, SNR = 15.

The input matrix of patterns consisted of 66 samples spread over 536 in-
tervals. The global time of training required about 24 hours for 1500 epochs,
where the total of groups of elementary floating point computations, exclud-
ing the intervention of BIAS nodes, were estimated to be slightly more 1440
millions runnings.
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4 Conclusions

In this work a customised auto–encoder ANN was developed to identify up to
16 chemical compounds from their Raman spectra. Due to the partial overlap-
ping of spectral signature of some compounds in the studied set, the PCA and
HCA approaches produced clusters of spectra that not always resulted in good
agreement with the chemical classification.

On the contrary, the proposed procedure has demonstrated a full capability
to discriminate Raman spectra, also in the case of noisy real curves, leading
to identification of the corresponding chemical compounds without any miss–
assignment. In addition, it is worth to underline that the developed algorithm
is perfectly translable in C language, to be compiled on a processor connected
to a Raman spectrometer for an alarm system to be used in the field. This
operation, however, requires the introduction of FANN Library instead of ANN
ToolBox.
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