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Abstract: Infrared (IR) spectrometric identification of individual chemical compounds from their mixtures is
still a challenging process. Therefore, we developed a method in which we use the IR “Fingerprint” spectra of
a particular chemical substance followed by artificial intelligence (AI) – based analysis to correctly
characterise components of relatively simple chemical mixtures. We describe here the assembly of tools
developed especially for this purpose as well as the artificial neural network design together with the
requirements that must be met for its proper functioning. To test our approach, we used a mixture of
amphetamine and creatinine which are difficult to identify in mixtures by standard “Fingerprint” rules. The
advantages of the artificial neural network approach include the generalisation and adaptation of knowledge
by fitting parameter values to change the object characteristics. All this renders the effective identification of
a mixture of two substances possible.
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The traditional organic compounds identification method using IR absorption spectra
(FTIR) is based on the identification of chemical functional groups contained within the
molecules of tested compounds. We perform this by reading characteristic bands
frequencies of a spectrum [1–4]. In the functional group identification we are using
correlation tables which bind a frequency of a spectrum with a specific functional
group. After determining the type of a functional group, compounds must be classified
to appropriate chemical compounds class (to homologous series). The last stage of a
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compound identification is to find a spectrum in the IR spectrum catalog (in the
identification of compound class section) with an identical image as the tested spectrum
in the full intermediate IR range (4000; 400) cm–1. The spectral identity of a compound
is determined by searching for an identical spectrum in the catalog. This method is
called Fingerprint (FP). The method is quite time-consuming and never gives a full
guarantee of the identification accuracy.

For this reason, today, in the FP compounds identification method a suitable
computer software is used to search the right compound in the spectral library. The
library is located in the database and automatically determines the identity of a tested
compound, specifying the spectral compatibility (sample – pattern) in a percentage.

Unfortunately, identification methods based on the FP are not applicable in the case
of mixtures of two or more substances.

This paper presents an innovative method of identifying chemical compounds on the
basis of their IR spectra, using the artificial neural networks (ANN) in a spectral
analysis and a method for a quantitative analysis of binary mixtures. Due to the current
demand, the analysis of binary systems using the ANN was conducted on the example
of a creatinine and amphetamine mixture.

Identification method based on artificial neural network uses one of the main
advantages of ANN – the possibility to generalise knowledge. This involves the
identification of a chemical compound most similar to the one searched for in the
database. In comparison with the FP, the methods of monosubstance and mixture
identification using ANN have several advantages:

– In the FP method, the entire spectral ranges are compared with each other and the
extent to which the overlap is checked, while the ANN compares the position and height
of the top 20 maximum points.

– ANN is more sensitive to small spectral differences, therefore, it identifies
substances in a mixture of compounds better than the FP method does; it is shown in
this article on the example of mixtures of creatinine and amphetamines.

– ANN verifies the set of chemical functional groups in the substance, which gives
more reliable results of identification.

– ANN “learns” finding the spectral differences between compounds, which is later
used in the identification.

– ANN, even damaged, may continue to operate properly.

Artificial Neural Networks

ANN is a system performing certain calculations on the principle of simultaneous
work of many interconnected elements (neurons). A similar structure has been observed
in biological nervous system (ex. human cerebellum). It is composed of many neurons,
which constitute a very simplified version of the original, and are much more easily
combined with each other.

ANN was designed in such a way as to be convenient to track and easy to implement,
which makes ANN have a flat and a set regular structure. Moreover, ANN should
usually contain many neurons and should be able to work only as a whole.
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The program described here uses ANN, whose neurons introduce corrections to their
state of knowledge from the known values of the error committed. Output layer error is
calculated from the difference of the expected and obtained value at the output of the
network, while the error of neurons below the output layer is calculated by the back
error propagation. A significant feature of this method is that its effect is independent of
any theoretical assumptions. This means that the backward error propagation will
always work [5–11].

Using the ANN for identification opens up new possibilities. Not only does it speed
up the process, but also gives it the ability to adapt: to adjust the parameters to the
changes of the characteristics of the object and to generalizes which means generating
an appropriate response to the data not used in the learning process [12]. Also, ANN’s
ability to ignore redundant data and the data whose impact on the phenomenon is
negligible has been used. Therefore, ANN focuses on the input data having a major
impact for the modelled process. These are the crucial features which let ANN find
application in many branches of science and technology [12–15].

ANN used in the program consists of:
– 20 entries,
– One hidden layer (consisting of 40 neurons),
– 10 outputs.
In order to identify the object, two neural networks were used: one to identify the

number of wave bands, and the other with a maximum absorption of this bands.

A computer program for the diagnosis of chemical compounds
based on the “fingerprint” of the infrared range
using artificial neural networks

The program for the diagnosis of chemical compounds using ANN is written in C#
and does not use any other tools to create an ANN such as Matlab. Figure 1 presents the
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Fig. 1. General view of a computer program for the diagnosis of chemical compounds



main panel where the visible buttons are triggering processes responsible for the initial
analysis of the test spectrum and for its further identification.

Before the spectrum is about to be subjected to a diagnosis, it should be examined
first. The analysis involves determining transmission spectra and possibly replacing it
with the absorption spectrum as well as designing the so-called base line (Fig. 2). The
baseline is important because the values of the maximum individual bands are
calculated from it and not from zero.

After this process, the program determines the maximum points in each band
(Fig. 3). This is done automatically using an algorithm written specially for this purpose
and built into the program identifier. After determining the points, there are two
possibilities of adjustment. The first concerns the selection of places where the program
ignored the key points, while the second relates to the points that should not have been
selected.

The next process is the standardisation of the signal which will be then sent to the
input ANN. The highest determined value of the absorption spectrum is reduced to
unity, while lower values according to the principles of proportion to the respective
values (Fig. 4). This solution increases the effectiveness of training an ANN, and thus
the identification of chemical compounds. The substances may be present in different
concentrations and peak heights of individual absorption bands may differ, even though
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Fig. 2. Absorption spectra of acetone with a designated base line
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Fig. 3. Absorption spectra of acetone with designated points of maximum
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they belong to the same compound. The introduction of standardised signal solves this
problem, because all values are imported by the proportion of one value, and as the
identification method theory says the substances have a fixed relationship of the
individual absorption bands and this operation is therefore possible.

Before the program proceeds to the final stage of identification, it still has to de-
signate of specific chemical functional groups, which the program executes automatical-
ly, too.

This is a part of the verification because the program checks whether the spectrum
may belong to a given substance by checking the chemical functional groups (it may
designate more than one group) with the group stored in the database. Figure 5 shows
the window for selecting the chemical functional groups at the time of creating a
database of compounds.

After determining the chemical functional groups, in the main panel there appears the
information suggesting which database should be searched to find the chemical
compound (Fig. 6). The displayed information is merely a hint and does not block the
possibility of searching other databases.
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Fig. 4. Standardisation of the input signal

Fig. 5. The choice of chemical functional groups



The last stage of the program is the identification by ANN. It takes ANN quite a lot
of time to learn, but the identification process itself takes a fraction of a second. ANN
outputs are shown in Fig. 7; they are saved bitwise, so it is possible to write up to 1023
chemical compounds on them. Activation function that was used in the program is
a bipolar function, so the program receives the output value of –1 and 1. The following
figure has value of 1 in only the first position, which is the information to the program
that the spectrum points are the first link in the database.

Results and discussion

In order to confirm the effectiveness for the identification of chemical compounds
methods based on their infrared spectra using the ANN, a study of mixture of two
chemical compounds – creatinine and amphetamine – was performed. Figure 8 shows
absorption spectrum of amphetamine, while the absorption spectrum of creatinine is in
Fig. 9.

Because the samples were made using FTIR (Fourier Transform Infrared Spectro-
scopy), it is possible to mix them by the computer program. In this way, fourteen
samples were created containing amphetamines from 5 % to 95 % in steps of 5 %.

978 KrystynaMacek-Kamiñska et al

Fig. 6. Designation database

Fig. 7. ANN outputs

Fig. 8. The absorption spectrum of amphetamine
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Both spectra have characteristic bands in similar positions, and the additional
difficulties is the fact that the band at the time of mixing the two substances overlap to
themselves blurring the differences and make the mixture very difficult to identify later.
Figure 10 shows the spectrum of the mixture of creatinine (40 %) and amphetamines
(60 %).

Figure 11 shows the same mixture, but in inverted proportions (creatinine – 60 %,
amphetamines – 40 %). While in this case it is easy to discern the difference between
the two spectra, it is far more difficult to notice the differences between the spectra of
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Fig. 9. The absorption spectrum of creatinine
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Fig. 10. Absorption spectrum of a mixture of creatinine (40 %) and amphetamines (60 %)
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Fig. 11. Absorption spectrum of a mixture of creatinine (60 %) and amphetamines (40 %)
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pure creatinine and the mixture having only 5 % of amphetamine, as it is shown in
Fig. 12.

The database of 16 spectra was used by ANN to learn how to identify mixtures and
compounds. ANN managed to find the minimum differences separating different
spectra, and used this knowledge in their subsequent identification. After the learning
process completed, ANN was able to recognise all of the 16 samples with a very high
efficiency. In this case, ANN managed much better than the identification schemes used
before, encountering problems only when there was less amphetamine than creatinine in
a mixture.

Conclusions

Although the ANN has been known worldwide for nearly 50 years, its potential has
still not been fully exploited. There are many areas of science and technology, where it
will certainly find wider use, as it is the case with the identification of chemical
compounds based on their infrared spectra. Software developed for this purpose can be
a useful tool for rapid diagnosis of substance, for example in forensic laboratories. The
presented method certainly needs improvement, but the results show that it is an
effective and reliable method of identification.
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Fig. 12. Absorption spectrum of a mixture of creatinine (95 %) and amphetamines (5 %)
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Abstrakt: W artykule przedstawiono mo¿liwoœci zastosowania w identyfikacji zwi¹zków chemicznych

metody tzw. odcisku palca oraz sztucznej inteligencji na podstawie widm w podczerwieni. Opisano budowê

opracowanego specjalnie do tego celu narzêdzia i sztuczn¹ sieæ neuronow¹ oraz wymogi, jakie musz¹ byæ

spe³nione do jej poprawnego funkcjonowania. Obecnie stosowane programy u¿ytkowe do identyfikacji

zwi¹zków chemicznych na podstawie ich widm w podczerwieni natrafiaj¹ na trudnoœci z poprawn¹

identyfikacj¹ w przypadku mieszanin substancji. W przeprowadzonych badaniach testowych wykorzystano

mieszaninê kreatyniny oraz amfetaminy – substancje z którymi obecnie wykorzystywane oprogramowania

dzia³aj¹ce wg zasady Finger-print maj¹ du¿e trudnoœci. Dlatego te¿ zastosowano sztuczn¹ sieæ neuronow¹,

której zalety, takie jak uogólnianie zdobytej wiedzy oraz adaptacja, czyli dopasowania wartoœci parametrów

do zmian charakterystyk obiektu, pozwalaj¹ na skuteczn¹ identyfikacjê w mieszaninie dwóch substancji.

S³owa kluczowe: zwi¹zki chemiczne, podczerwieñ, spektroskopia, sztuczna inteligencja, sieæ neuronowa.
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