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Abstract 

Evaluation of the cluster classification generated by 
the Self-Organising Maps (SOM) [ 1] is usually done 
by human eye. Due to the qualitative nature of this 
experiment, in a dense input data space, the evaluator 
may either overestimate or underestimate the number 
of clusters formed on the map. With this approach, 
the exact number o f clusters generated by the map 
cannot be confinned because of the misinterpretation 
of the grey level expression. This paper presents the 
application of SOM to Chemical Spectral Analysis 
and the use of the Minimal Spanning Tree (MST) 
and the Modified Counter Propagation (MCP) 
algorithms in cluster classification. 

1. Introduction 

SOM may be viewed as a lattice with a discrete 
number of predefined sites, referred to as units or 
nodes. The position of the data on the grid structure 
depends on the degree of similarity between the data. 
Similar data are placed on the grid in close proximity. 
Each data has multidimensional characteristics. The 
characteristics of different data are compared by some 
kind of metrics, and the degree of similarity, which is 
comparable to the distance between the units on the 
grid, can also be determined. If a spectrum with 
incomplete characteristics is placed on the grid, the 
missing information can be derived from the 
information that has already been assigned to the 
empty grid through the learning process. This paper 
reports on the application of SOM to chemical 
analysis of alloys. Here, the multi-dimensional 
characteristics of the data (CoNi alloys) are spectral 
data from AES (Auger Electron Spectroscopy), as 
well as the alloy composition. Furthermore, XPS (X-
ray Photoelectron Spectroscopy) and XRD (X-ray 
Diffraction) data can also be considered as 
multidimensional information sources [2,3]. The 
purpose of the SOM method in this experiment is to 
derive the alloy composition from the spectral data of 
the alloy and apply the MST and MCP algorithms to 
cluster classification. 

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 human brain, Kohonen [1] developed the following 
equation. 

m;(t +1) =mi(t)+ a(t)[x(t) -m;(t)] (1) 

Where m;(t) is the information processing ability of the 
neuron cell (node) i at timet and x(t) is the input signal. 
At time t, the cell learns this input signal, as shown in 
figure. 1. During the time (t+J), the information 
processing ability of the cell becomes m;(t+l). If x(t) is 
an n-dimensional input vector, then x(t) = { ~J, ~2, 
... , ~]. The n-dimensional reference vector m;(t) is 
also expressed as m;(t) ={fliJ, /1;2, ... , fl;nl· a (t) is 
the learning coefficient factor with values between 0 
and 1. Furthermore, a (t) reduces to 0 as learning 
progresses. When an n-dimensional input vector is 
introduced to the network, the reference vector in the 
network (node) that is closest to the input vector is 
defined as the best-matching unit (BMU) "winner" and 
its information processing ability is denoted by mc(t). 
The winner is selected using the following equation. 

(2) 

Where m; is the reference vector of node i and me is 
the reference vector of the winner node or BMU. 
Prior to learning, a large reference area surrounding 
the winner is selected as a neighbourhood region. 
The reference vectors in this neighbourhood region 
Nc(t) as well as the winner mc(t) learn the input vector 
x(t) following eq. (1). The neighbourhood region 
reduces gradually until only the winner unit is trained. 
This forms a typical learning cycle. The next cycle 
begins with the introduction of the next input vector. 
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Figure 1: Connection between the multidimensional 
input vector x and the reference vector m; of unit i. 

2.2. Determination of the parameters 
in SOM_PAK 

SOM_PAK is constructed following the algorithm in 
2.1. The SOM learning process usually comprises of 2 
steps: rough learning L1 and detailed learning L2. 
The total number of learning cycles can be defined in 
advance. The learning coefficient in eq. (1) is selected 
as a linearly decreasing function oft by: 

a(t) = a 0 (1- tIT) (3) 

Where a 0 is the initial value, t is the present learning 
cycle and T is number of the learning cycles. Other 
types of decay function for a can be considered. 
There are two types of neighbourhood functions, the 
bubble and the gaussian. This paper utilises the 
bubble neighbourhood function and the number of 
nodes contained in the neighbourhood decays linearly 
as in eq. (3). 

The large backgrounds, which increase in the higher 
energy region, are subtracted linearly in order to raise 
the IMM signal sensitivity for CoNi alloys as shown 
in figure 2. The linear background signal, at 870 eV is 
subtracted from CoNi alloys as shown in figure 2. The 
linear background signal, at 870 eV is subtracted from 
the higher energy region between 590 and 890 eV. 
These data are then normalised as shown in figure 3. 
In the construction of the SOM (figure 4 ), each 
energy step on the horizontal axis (figure 3) is taken 
as a single dimension. Known compositions of the 6 
CoNi alloys shown in figure 3 are considered as new 
dimensions between 0 and 1. Co50Ni50 aHoy for 
example would have a dimension of 0.5. The final 
dimensions are composed of the composition label 
and the energy steps of 1 eV of the AES spectra. 

10000 
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Figure 2: Co45Ni55 alloy spectrum from lab. A is 
transformed by subtracting the linear background 

from the higher energy region. 
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Figure 3: Normalised CoNi alloy spectra from 
laboratory A after transformation. 

The normalised composition values and the AES 
signals (AES signal- Min AES signal), which are 
normalised by the difference between the maximum 
and minimum AES signals, are used as the new 
signal values. The input data to the SOM is made 
up of 6 different CoNi alloy compositions (Ni 0, 25, 
50, 55, 75, 100 %) from 16 different laboratories 
(A-Z laboratories). Thus the total number of spectra 

examined is 96. After the SOM learning, all the 600 
(20x30) units in figure 4 are compared by the following 
error function (Err): 

n 

Err= -~)x1 - mii ) 2 

j= l 

(4) 

Where x . and m .. are the j-th component value of the 
J lj 

n-th dimensional input data and i-th unit in figure 4, 
respectively. All the 6 input data (figure 3) are 
compared with the 600 units in figure 4. All labelled 
positions in figure 4 are determined by the minimum 
value of the error function. The self-organised map, 
which is constructed from data that is processed 
using the above mentioned method is shown in figure 
4. It can be observed that, the compositions are 
separated vertically by the grey level into the six 
different alloys Ni 0, Ni 20, Ni 50, Ni 55, Ni 75 and 
Ni 100 % respectively. In each of the vertical 
groupings, the data from the 16 laboratories are 
arranged from top to bottom. 

Figure 4: SOM built with data from 16 different labs. using the bubble neighbourhood function. 
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Furthermore, in some of the columns, some 
laboratory labels were missing. This occurred 
because in the event of more than one label 
occupying the same unit on the map, the latest 
label is used to construct the map. The frequency 
distribution of the composition labels of all the 600 
(20X30) units on the map is shown in figure 5. It 
can be deduced from figure 5 that the composition 
labels are uniformly distributed and therefore SOM 
is very suitable for data mining. To test the data 
mining capabilities of the SOM, the data for 
Co25Ni75 from Z laboratory was excluded from 
the input data and used as test data. During the 
learning process, all the 600 units are compared one 
after the other with Co25Ni75 data (test data). 

0% 50% 100% 

Figure 5: Frequency distribution of all the 600 
units in the SOM of figure 3. 
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Figure 6: The original test data for Co25Ni75 
from Z lab. and the best match unit for bubble 

neighbourhood function. 
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The unit with the lowest value of the error function is 
identified as the closest unit or the best match 
spectra. 
Figure 6 shows the best-matched spectra obtained 
after the experiment. Applying SOM, the data for 
Co25Ni75 from Z lab. which was not part of the 
input data was predicted with a composition error of 
1.02%. Thus, the composition of the unknown spectra 
can be determined using SOM. The map generated 
in figure 4 uses grey level expression to display the 
distances between neighbouring units. This 
approach is a qualitative method since the 
evaluation of the map is done by human eye. This 
paper proposes a quantitative method using the 
MST (Minimal Spanning Tree [1]). 

4. Minimal Spanning Tree 

The Minimal Spanning Tree method is a kind of 
tree like structure that links all the units by the 
shortest path. This structure defines the mutual 
distance and also describes the similarity 
relationship of any two points on the map. Here, 
the most similar pairs of items are linked together. 
This algorithm assigns arcs between the nodes in 
such a manner that all the nodes are connected 
together by single linkages. The total sum of the 
length of the arcs is minimised. The length of the 
arcs is defined to be the non-weighted norms of the 
vectorial differences of the corresponding 
reference vectors as in eq. (2). 
The map generated using the SOM+MST 
approach is shown in figure 7. The clusters 
generated by the MST map (figure 7) in the 
various composition ratios (0-1 00%) were 
compared using OR combinations. This approach 
yielded two (2) cluster groups as compared to three 
(3) cluster groups generated when the SOM 
method was used. Evaluation of the map for the 
cluster groups in the SOM method was done by 
human eye. Figure 8 shows the cluster groups that 
were generated in the SOM method. It should be 
noted that the data for the CoNi alloys used for this 
experiment was taken from the high-energy range 
(590-890) eV. For the SOM method, three cluster 
groups were obtained as compared to two cluster 
groups obtained using the SOM+MST method. 
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Figure 7: Map generated from SOM+MST using the bubble function 
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Figure 8: Cluster groups generated by the SOM method. 
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5. Modified Counter 
Propagation 

MCP was applied to the cluster classification of the 
chemical spectra from AES and compared with the 
other methods discussed earlier, i.e. SOM and 
SOM+MST. The MCP [4] is a three-layered 
network, which comprises of an input layer, 
competitive layer and an output layer. The 
structure of the MCP algorithm is illustrated in 
figure 9. The competitive layer is a two 
dimensional array of neurons. Each neuron in the 
input layer is denoted by h h ... , 1;. ... , h (total of 
L neurons), that in the competitive layer by Kb K2, 

... , Ki, .. . , KM (total of M neurons) and that in the 
output layer by ej, ez, ... , eh ... , eN (total of N 
neurons). The input vector is denoted by x(t) = [xb x2, 
... , x;, .. . xJ and the information of the belonging-
class y(t) = Cn (n = 1, 2, .. . ,k, ... , N) is given as the 
supervising class (teacher signal) of the input vector, 
where t is the learning iteration (t = 1,2, ... , 1). The 
weight vector of the input layer to the competitive 
layer is expressed as wi(t) = [mjl, mi2, .. .• mfi, miL]. The 
weight of j-th neuron on the competitive layer to the 
k-th neuron on the output layer is expressed as Zjk(t) . 

Output 
Layer 

Competitive 
Layer 

I Data I x(t) = [x1, ~ .. •• x; • .. .. xJ 

1~1 y(t)=C,, 
(" =I, 2, ...... , k, .... , N) 

Figure 9: The structure of the Modified Counter 
Propagation Network. 
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The weight vectors Wj of the input layer to Kj on the 
competitive layer is updated by Kohonen learning. 
The weight Zj•k•Of Kr on the competitive layer to ck. 
on the output layer, is only reinforced. A SOM is 
formed as a compression of the input data set, 
between the input and the competitive layers. At the 
same time, the frequency distribution is stored as 
weights of the competitive layer to the output layer. 
The MCP has a Learning mode, Recognition mode 
and Calibration mode. Each mode is performed by 
the following procedure. 

5.1. Learning Mode 

5.1.1. Initialisation 

Each weight mi; within the input layer to the 
competitive layer is set to a random number. Each 
weight Zjk of j-th neuron on the competitive layer to 
the k-th neuron on the output layer is initialised to 
zero. 

5.1.2. Selection of Winner Neuron 

Calculate all Euclidean distances di of the input 
vector x(t) and the neurons Ki on the competitive 
layer using eq.(5). 
The winner neuron Ki is defined as having 
minimum distance di. in di. 

di = llx(t)-wi(tf , (5) 

5.1.3. Update weight vectors wj( t) 

All weight vectors wit) included in the current 
neighbourhood region si. which is determined by 
winner neuron Ki* and neighbourhood function N 
j•(t) between input layer and competitive layer, are 
updated by the following eq.(6). 

w/t+I)=w/t)+~t)(x(t)-w/t)) ;jE Sr, 

Nit) =lNr(O)+(Nr(t)-Nr(O)Xt IT)j, 

(6) 

(7) 

Where, [N~J is defined as maximum integer which 
cannot exceed Nx. Also, the neighbourhood 
constant Ni•(O) and Nj•(1) must be set to zero or a 
positive integer. When the neighbourhood function 
is set to Nj•(t) = I, the corresponding 
neighbourhood region Si. is selected as 9(=3 X 3) 
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neurons surrounding the winner neuron Ki* as 
shown in figure 9. Likewise, 25(=5 X 5), 49(=7 X 
7), . . . neurons are selected as the neighbourhood 
region Si* corresponding to the neighbourhood 
function Nj•(t) = 2,3, . . . Thus, the neurons 
included in Si. are also updated. The Ni*(t) 
decreases monotonically as the · learning time t 
increases (eq.(7)). Thus, the Si* defined by Nj•(t) 

will be shrinking with increasing t. 1](t) is the 
updating co-efficient factor chosen within 
0 ::5: T](t) ::5: 1 . The T](t) decreases monotonically 
as the learning timet increases (eq. (8)). 

17(t) = 17(0) + (17(T) -17(0) )(tIT) (8) 

Where, T](t) is controlled proportionally by the 
distance from winner neuron (a neuron which is 
included in the current sj.. but located far from 
winner, is given a smaller value than the winner). 

5.1.4. Updating weights of Zj,k* 

Every weight Zj,k* included in the current 
neighbourhood region Sr• which is determined by 
winner neuron Kj• and the neighbourhood function 
Nr•(t) and concatenated to supervised class Cn 
between the competitive layer and the output layer, 
are updated by the following eq.{9). 

{9) 

Where, the initial neighbourhood value Nj••(O) and 
the final neighbourhood value Nr(T) between the 
competitive layer and the output layer must be set 
to a positive integer. The neighbourhood function 
Nj••(t) determines the neighbourhood region Sr• 
between the competitive layer and the output layer, 
and it is given by eq.(lO) above. The 
neighbourhood region Sr• is determined in the 
same way as Si* in figure 9, for example, when 
Ni*.(t)=1, then 9(=3 X 3) neurons surrounding the 
winner neuron Kr are selected. 

r(t) = r(O) + (r(T)- r(O) Xt IT) (11) 

Where, r(t) is a rate of increase (when 
r(t) > r(O)) of the weights Zj,k* at learning time t. 
The initial value of r(O) must be within the range 
of 0< y(O) <1. Furthermore, y(t) is controlled 
proportionally by the distance from the winner 

neuron, in the same way as 1](t); for example, a 
neuron within Sr. but located far from the winner, 
has a lower value of r(t) than the winner. The 
learning should be performed by the T times 
calculation of the above steps (sections 5.1.2 to 
5.1.4). If the amount of input data set is smaller 
than T, the input data is reloaded again from the 
beginning of the data file, as the need arises (cyclic 
loading method). 

5.2. Recognition Mode 

After loading all the weight vectors, which have 
already been learned, the classification 
(Recognition) is performed as follows: 

1. Show the input vector 
2. Select the winner neuron Ki* on the 

competitive layer by eq.(5) 
3. Find the maximum weight of the winner 

neuron Ki* on the competitive layer to 
neurons on the output layer, its k-th 
neuron's class on the output layer is 
·selected as the best class in MCP. 

4. In the same way, the order of belonging-
class is determined by descending order of 
weights; i.e. the k-th class of the next 
larger weight, becomes the second best 
class in MCP. 

5.3. Calibration Mode 

The procedure of the calibration mode is performed 
as follows: 

1. The agreement of the teacher class 
CrEACHER and the class judged by MCP 
CMcP is confirmed, when input data is 
selected. 

2. wj(t) is updated as follows: 

Where, 
sgn(t) = {+ 1.0 : CMcP = CTEACHER 

{-1.0 : CMCP '# CTEACHER 

Using eq.(12), if CMcP = CrEACHER then sgn(t) = 1.0 
and wj(t) is updated toward the input data (same as 
eq.(6)). On the other hand, if CMcP t: CrEACHER· then 
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sgn(t) = -1.0 and w,(t) is updated in a direction 
opposite to the input data. 

6. Simulation Results 

MCP was applied to the data set used for SOM and 
SOM+MST experiments. 

6.1. High energy region 

Within the data range of 590-890eV in increments 
of leV, simulation results obtained after the MCP 
method distributed or assigned the 16 laboratories 
(A-Z) into two groups. 

Cluster SOM SOM+MST MCP 
group I A A A 

B B B 
c c c 
G G G 
H H H 
s s s 

group 2 J D D 
K E E 
L L L 
N J J 
p K K 
X L L 
z N N 
- p p 

- X X 
- z z 

group3 D - -
E - -
I - -

Table 1: Comparison of the groupings achieved by 
SOM, SOM+MST and MCP for data taken from the 
high-energy region. 

Table 1 compares the various groupings that were 
obtained for the three (3) experiments i.e. SOM, 
SOM+MST and MCP. MST and MCP methods 
assigned the same laboratories (A, B, C, G, Hand 
S) to group 1 and (D, ElF, I, J, K, L, N, P, X, Z) to 
group 2 whereas SOM achieved three (3) groups. 
All the three methods assigned A, B, C, G, H and S 
to group 1. Figures 1 0 and 11 also show the 2 
dimensional maps that were generated for the MCP 
method. 

Figure 10: 2 dimensional map by MCP for 
laboratories classified as group lfor data from 

high-energy region for CoONi 100. 

Figure 11: 2 dimensional map by MCP for 
laboratories classified as group 2 for data from 

high-energy region for CoONi 1 00. 

6.2. Low energy region 

79 

Within the data range of 35-90eV in increments of 
0.2eV, similarly, simulation results obtained after 
the MCP method distributed or assigned the 16 
laboratories (A-Z) into two groups. Table 2 
compares the various groupings that were obtained 
for two (2) of the experiments i.e. SOM+MST and 
MCP. 
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Comparing the cluster groups that are shown in 
table. 2, MCP resulted in 2 groups as compared to 
four (4) groups by SOM+MST. All the 
laboratories classified as groupl for MST were also 
classified as group 1 for MCP as well as B, C, and 
R with the remaining laboratories as group 2. 
Laboratories A, B, C, H and S were classified as 
group 1 by MCP in both tables 1 & 2. However, D 
and I, which were classified as group 2 in table 1, 
were classified as group 1 in table 2. 

Cluster SOM+MST MCP 
groupl A A 

D D 
F F 
H H 
I I 
s s 
- B 
- c 
- R 

group 2 K K 
L L 
X X 
- G 
- J 
- p 
- X 
- z 

group 3 J -
p -

group 4 - -

subgroup 1 B -

c -
R -

subgroup 2 G -
N -
z -

Table 2: Comparison of the groupings achieved 
by SOM+MST and MCP for data taken from the 

low energy region. 

Furthermore, as shown in figure 12, the spectral 
shapes of group 4 from table 2 can be distributed 
into 2 sub groups: 

1. Spectral shapes starting from high-
normalised values. 

2. Spectral shapes starting from 
normalised values. 

I • •••••• ••••··••• • ••••••• • •• • ••••• • • •••••••• • •• ····••••• •• • • •••• • ••••• ••• ••• •• •••n• •• •••••••• • 

Group2 

45 55 15 •• 
Kinetic energy (eV) 

low 

Figure 12: Spectral shapes of Co25Ni75 alloys 
form labs B, C, R, G, N and Z classified as group 4 

by SOM+MST method (low energy). 

These are comparable to the criteria used for the 
classification in the MCP method. Consequently, 
MCP classified B, C, R as group 1 and G, N, Z as 
group 2. SOM+MST classification was based on 
the nearest neighbour or smallest Euclidean 
distance (first winner). It was proposed that there 
might be certain inherent similarities in the data 
(35-90eV), which were not identified by the first 
winner approach. Thus to confirm this assumption 
the MST2 (second winner) algorithm was applied 
to the data from the low-energy range [5]. In the 
case of the first winner approach, the nodes 
selected to form this neighbourhood comprised of 
only the first winner nodes. For the second winner 
approach this neighbourhood was expanded to 
include the second winner nodes. The 
neighbourhood this time contained far more nodes 
than that of the former algorithm. It also means 
that in MST2 (using second winner approach) more 
MST arcs are traversed in selecting a cell to form a 
neighbourhood. This approach also yielded two (2) 
cluster groups: 

Group 1: A, B, C, D, F, H, I, Rand S 

Group 2: J, K, L, N, P, X and Z. 

MCP and MST2 assigned the same laboratories to 
groups 1 and 2. Thus this confirms the assumption 
that there were certain inherent similarities within 
the data for the low-energy range, which were not 
identified by the first winner approach. 
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7. Conclusion 

For the high-energy region, the results obtained for 
SOM+MST and · MCP methods agreed perfectly as 
compared to that of the SOM. Here, a better 
classification was achieved with the SOM+MST 
and MCP methods. When the two methods were 
applied to data from the low energy region, 
SOM+MST assigned the laboratories into four (4) 
groups whereas the MCP maintained the two (2) 
groups. As discussed in section 4, SOM+MST 
method applies the Euclidean distance to link the 
neighbouring units or nodes by the shortest path. 
Thus units or nodes on the peripheral of a cluster 
could be classified as belonging to the next cluster. 
With SOM, cluster classification was always done 
by human eye. 
The third group that emerged from this method 
actually belong to either group 1 or 2 (for the high 
energy region) but since the human eye was not 
able to interpret the level of the grey expression, it 
was classified as a third group. By applying the 
MST to the grey expression of the SOM, the exact 
distances between the nodes or units can be 
estimated. By this approach, the confusion created 
as a result of misinterpretation of the grey level 
expression is resolved. The MCP method 
maintained the two-group pattern in both the high 
and low energy regions. 
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