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Abstract 
Self-Organising Map (SOM) method which was devel
oped by T. Kohonen [1] has been applied to some prob
lems of chemical analysis using AES, XPS, and XRD 
(X-ray Diffraction) data. Using a 2-dimensional SOM, 
the items that are described qualitatively by linguistic 
expressions can be explained more quantitatively by the 
position of the spectral data on the SOM togethe~ ~ith a 
grey level expression. Furthermore, the composttlon of 
an unknown sample can be determined very precisely by 
the SOM that has been constructed using the spectra from 
samples of known composition. Thus SOM is a very 
important tool for data mining in chemical analysis. 

1. Introduction 
During thel970s, T. Kohonen [1] developed the Self
Organising Maps (SOMs) that simulate the brain function. 
SOMs are a kind of visible neural network that has made 
significant impact in many research fields [2,3]. One of 
the characteristics of his network is its ability to trans
form multidimensional data into a 2-dimensional SOM. 
SOMs were first used as an information-processing tool 
in the fields of speech and image recognition. Soon, the 
visualisation characteristics of SOM attracted many re
searchers in other fields [1]. Walker [4] has shown a 
pioneering work using neural networks for chemical 
multi-image analysis, where SOM was found to be more 
suitable in handling large dimensional problems than the 
usual back-propagation method. With SOMs, it is pos
sible to distinguish the difference between similar and 
dissimilar information in a 2-dimensional SOM by the 
introduction of a technique [1] that illustrates the magni
tude of the distance between the units in a SOM by a grey 
level expression. 

Recently, T. Kohonen has published the computer pro
grams SOM~PAK through which the usual SOM can be 
constructed, and L VQ (Learning Vector Quantisa
tion)_PAK through which the data that belongs to the 
same or similar classes can be classified. These codes are 
available from the Internet address (http: 
1/nucleus.hut.fi/nnrc/nnrc-programs.html). In this paper, 
SOM_PAK is fully utilised. 
The SOM_PAK code has been applied to chemical 

spectroscopic data derived from Auger electron spectros-

copy (AES), X-ray photoelectron spectroscopy (XPS) 
and X-ray diffraction (XRD). For each kind of spectro
scopy the SOM was built using the abscissa of AES, XPS 
and XRD spectra as the multi-dimensional description of 
the shape of each spectrum. Thus, a single vector in a 
1,000-dimensional space describes a spectrum containing 
measurements at 1,000 different energies. The units of 
the components of these vectors are typically 1 e V in AES, 
0.1 eV in XPS and 0.1-degree diffraction angle in XRD. 
The SOM method has been applied here to some AES, 
XPS and XRD data as well as to a more quantitative 
interpretation of AES data from CoNi alloys. In the latter, 
sets of CoNi alloys whose compositions are known are 
used to construct a SOM. The data from one CoNi set is 
used as tentative test data. After SOM learning, the 
composition and the spectral shapes of the test data and 
the identified SOM unit are compared. 

In section 2, the SOM algorithm that is used is briefly 
reviewed. Section 3 illustrates the application of SOM to 
AES, XPS, and XRD. Finally, section 4 discusses the 
attempts of SOM at Chemical data mining. 

2. The SOM Algorithm 

2.1 a brief introduction 
Based on the functions of a neuron cell of a living thing 
especially the information processing ability of the hu
man brain, Kohonen [I] developed the following equa
tion: 

Consider· the information processing ability that the pre
sent neuron cell (node) i possess at timet as mi(t) and x(t) 
an input signal. At time t, the cell learns this input signal. 
During the next time (t+1), it has an information proc
essing ability of mi(t + I) which is close to the input 
signal. If x(t) is ann-dimensional input vector, then x(t) 
is expressed as x(t)=[~I> ~2 , ... , ~0 ]. mi(t) which is an n
dimensional reference vector is also expressed as 
mi(t)=[f..lil, f..li 2 , ... , f..linJ· hci(t) is a neighbouring function. 
Neighbouring cells surrounding the reference vector mi(t) 
also learn the input vector together with mi(t). Further 
more, t=O, 1, 2, ... are discrete time co-ordinates. 
If an n-dimensional input vector is presented to the SOM 
network, the reference vector in the network, which is 
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closest to the input vector, is selected as the best-matching 
node "winner" and its information processing ability is 
denoted by m0(t). Prior to learning, a large reference area 
surrounding the winner is selected as a neighbourhood 
region. The reference unit vectors in this neighbourhood 
region N0 (t) as well as the winner mc(t) learn the input 
vector x (t) following eq.l. This is a typical cycle of the 
learning process. Another cycle oflearning starts when the 
next input vector is presented to the SOM network. Here, 
the size of the neighbourhood region is reduced as com
pared with the last learning case. Thus, the learning contin
ues until the very last learning, where only the win-ner is 
trained by the input vector. 

2.2 Determination of the parameters in 
SOM_PAK 

SOM_P AK is constructed following the algorithm in 2.1. 
The SOM learning process is composed of 2 steps - a rough 
learning L1 and a detailed learning L2. In each learning, 
the total number of learning cycles can be defined in 
advance. For data mining in SOM, the composition fre
quency distribution of the units in the SOM is expected to 
be as smooth as possible to include any compositions which 
are not included in the input data. In this case, over learning 
is not necessary. Learning is terminated only with L1 
appropriate learning cycles. The learning coefficient in 
eq .1 is selected as a linearly decreasing function of by: 

hci(t) = a(t) = a
0 

(1- tIT), (2) 

where a0 is the initial value, t is the present learning cycle 
and T is number of the learning cycle for which learning 
should be terminated. Other types of decay function for 
a can be chosen if needed. 
There are two types of neighbourhood functions in 
SOM_P AK. The bubble and the gaussian. The bubble has 
the shape of a cylinder. When the radius of the bubble is 
chosen, all the nodes within the radius are considered as a 
neighbourhood. However, in the gaussian choice, even if 
the radius is chosen, only the nodes selected by a gaussian 
probability can act as a neighbourhood. For this experiment, 
the neighbourhood function is bubble and the number of 
nodes contained in the neighbourhood reduces linearly as in 
eq.2. 

3. Applications of SOM to the problems 
of chemical analysis 

3.1 Some applications of SOM maps to 
full scanned AES (Auger Electron 
Spectroscopy) data 

The energy steps on the horizontal axis of the AES data of 
Fig. 1 are considered as dimensional units and the vertical 
axis, signal values. Binding energy of AES data of 
Fig.lfrom 20 eV to 982 eV by 1 eV division are considered 
as dimensional units, each spectrum is a 963-dimensional 
input vector and the normalised signal values between 0 and 
1 become signal magnitudes. SOM is constructed using a 

grey scale. The darker the grey the greater the distance 
between the nodes. From Fig. 2, CoNi alloys are 
systematically grouped from Ni 100% to Co 100%. Cu is 
next though there is quite some distance between them as 
shown by the grey level. Ag and Au groups follow respec
tively as shown in the SOM of Fig.2. 

1 ··· ···························•••·······••·•······••····················································· ·················· 
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Fig.1 All AES data of 15 materials from 20 to 1,000eV. 
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Fig. 2. 2 dimensional Forced SOM map of 15 materials 
from AES data of Fig. 1 where STND is the abbreviation of 
standard. 

Conventionally, Auger spectra have been interpreted by 
subtracting the background and/or separating the main peak 
from several smaller peaks. The present method considers 
only the spectral shape as an information source. 

3.2 Characteristic analysis of High-Tc 
super-conducting oxides using SOM 

SOM was also applied to XPS data using the same approach 
as discussed above. The surfaces of single-crystal, ceram
ics and thin films of Bi based high-Tc super-conductors are 
cleaned by heating and the impurities removed. The state of 
cleanliness is assessed by a reduction in the XPS signal of 
oxygen (02). The result is shown in Fig. 3. The binding 
energies on the horizontal axis are considered as 300 points 
or 300 dimensions. The signal values on the vertical axis 
are normalised to values between 0 and 1 and used as the 
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signal magnitudes. The cleaved surfaces of single crystals 
are heated to 400° C and are considered as a standard clean 
surface whose XPS signal of oxygen(02) is shown in Fig. 4. (b)cA 
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Fig. 3. Changes of 0-ls XPS (X-ray Photoelectron Spec
troscopy) spectra from Bi-based single crystals, ceramics 
and thin films during thermal annealing process. 

Using this standard, SOM is drawn as in Fig. 5. Fig.3 
identifies three different peaks. These are high-right, split 
and high-left peaks. After SOM, these three groups are 
clearly shown surrounded with dark grey valleys as shown 
in Fig. 5. It is interesting to note that the group of high-right 
peaks consists of the heat-treated clean surfaces. 

• 

slng-200 

183 

Single crystals is the closest group of oxides to the standard 
sample which is cleaned at 400° C. Ceramics follow next. 
For thin films, the heat-treated samples at 700 and 800° C 
are arranged next to the ceramics. However, oxides that 
belong to the double peak and high-peak form groups by 
their shapes. Within these groups, the oxides are not 
arranged according to · their level of cleanliness, heat 
treatment, or types of oxides. It is concluded that surface 
impurities affect SOM classifications more than material 
characteristics, because there are impurities left on the 
surfaces of the samples of the groups with the double peak or 
high-left peaks. 
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Fig. 4. A standard 0-ls XPS (X-ray Photoelectron Spec
troscopy) spectra from Bi-based single crystal which is 
heated and cleaned at 400° C for 1 hour. In the figure, se
peak means the 0-ls XPS peak from Single Crystal. 
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Fig. 5. A SOM classification map of Figure. I, where 0-ls XPS spectra from the air-cleaved Bi-based single crystal surface 
which is annealed for lh at 400°C are used as a standard and indicated as 400°C-lh 
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3.3 Some attempts of applying SOM to XRD 
(X-ray Diffraction) data 

SOM was applied to results of XRD data from thin film. 
The experimental data of XRD is shown in Fig. 6. Sam
ples 1 and 2 are the usual experimental data from thin 
films. XRD results from 2212 (80K phase) and 2223 
(llOK phase) which are finely identified single crystal 
thin films are used as standard. It can be easily under
stood from the figure that Samples 1 and 2 are not 2212 
(80K phase), since the fourth peak (around 22.SOC) does 
not fit to these Samples. The obtained SOM is shown in 
Fig. 7. As shown in the figure, 2212 (80K phase) is 
surrounded by a deep grey level. 
Furthermore, it can be stated that both Samples 1 and 2 
are not 2212 (80K phase). However, both Samples 1 and 
2 are close to 2223 (llOK phase) due to the thin grey 
level. Sample I is closer to 2223 (l10K phase) than 
Sample 2. Even though the resistance-temperature (R
T) experimental results have not been included in this 
article, it should be noted that interpretation from the 
SOM of Fig. 7 agree quite well with the R-T experimen
tal results . 
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Fig. 6. XRD (X-ray Diffraction) patterns of Bi-based thin 
films . In the experiment, the films which are approxi
mately single-phases of 110K phase (2223) and 80K 
phase (2212), are used as standard. 
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Fig. 7. A SOM classification map of Fig. 6 
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Fig. 8 SOM on 20X30 units using 5 kinds of CoNi Alloys (Ni 0,25, 50, 75, 100%). Large filled circle is unit with best match 
spectra of Co45Ni55 alloy. 

4. Quantitative Chemical Data Analysis 

SOM was applied to chemical data mining using AES 
data of Fig.1. Large backgrounds, which increase in the 
higher energy region, are subtracted linearly in order-to 

... 
..., .. 
N 0 . 6 

i 

raise the LMM signal sensitivity for CoNi alloys. The 
energy steps are considered as dimension units. Known 
compositions of 6 CoNi alloys in Fig. 1 are considered as 
new dimensions between 0 and 1. CoNi50% alloy for 
example, has a dimension of 0.5 

.. 0 . 4 
o ····· ·· best IIBt eh unit (N 55 . 26%) 

"' -Co45Ni 55 
o. 2 

590 640 690 740 790 840 890 
kinetIc energy [ eV] 

Fig. 9 Comparison between learned unit and original data of Co45Ni55. 

N ol'malised composition values and AES signals ( { AES 
signal -Min AES} which are normalised by the differ-

ence between maximum and mmtmum AES signals) 
become new signal values. Five samples of Ni 100, 75, 
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50, 25 and 0 % of CoNi alloys are used as input signals. 
After SOM learning, all units are compared by the fol 
lowing error function (Err): 

n 

Err= L,.Cxi- m;)2
, (3) 

j=l 

where ""j and ffl;· are the j-th component value of the 
n-th dimensional input data and i-th unit respectively. 
Using eq.3, the 5 input data are compared with all the 
600 units . All labelled positions in the SOM are deter
mined by the minimum values of eq .3. 
Co45Ni55 is used as test data where the composition is 
assumed to be unknown. Using eq.3, all 600 units are 
compared with Co45Ni 55 %spectra data. The unit with 
the lowest value of eq .3 is identified as the closest unit. 
For this experiment, the closest unit was 55.25% shown 
in Fig .8. The actual spectrum and learned spectrum of 
Co45Ni55% are compared in Fig.9, with an error margin 
of 0.3%. Thus, the composition of the spectrum can be 
determined using the above described method. SOM can 
therefore be used for data mining in chemical data analy
SIS . 

5. Conclusion 

SOM by Kohonen was first applied to the problems of 
chemical analysis. In the examples of Co-Ni alloys 
shown in Fig. 8, the composition labels and unknown 
spectra can be estimated from unknown spectra and 
indicated labels, respectively. 
In chemical spectral data analysis, details of spectra and 
composition analysis can be carried out using methods 
that consider the physical meaning of the spectra [ 4]. The 
main advantage of SOM is that multidimensional input 
data can be sorted and made visible on 2 dimensional 
SOM map. In section 4 where SOM is applied to chemi
cal data mining of CoNi alloys shown in Fig. 8, the com
position of the spectra can be determined precisely. 
Furthermore, if a spectrum of incomplete data or char-

acteristics is placed on the grid, the missing information 
can be determined from the information that has been 
assigned (extrapolated) to the empty grid during the 
learning process. Usually, results such as Figs. 3 and 6 
are logically described by language. However, the intro
duction of SOM to Figs . 5 and 7 enables us to make the 
above results more visible and describe them more 
quantitatively. Thus, the introduction of SOM to chemi
cal analysis allows us to explore a new development from 
which we expect future progress. 
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