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Classification Method  

Self Organizing Maps (SOMs) are a class of Artificial 
Neural Networks (ANNs) that can learn to identify patterns 
and correlations among their input data and apply the 
identified patterns to future input data. Unlike common 
(Multi-Layer Perceptron) networks that would need certified 
input-output data pairs to establish a relationship between 
input vectors and their corresponding outputs in a ‘supervised’ 
manner, SOMs only rely on the input data and their inherent 
similarities to introduce ‘clusters’ of data where contents of 
each cluster share certain characteristic attributes. Through an 
Unsupervised learning process, SOMs assign an individual 
processing unit (or Artificial Neuron) to each group of input 
vectors with similar attributes in such a way that only a single 
neuron would respond to a future input vector and 
consequently similar input vectors are classified into the same 
class [1]. 

In this study, we propose an SOM-based strategy for the 
classification of Iron deposit zone’s data. As a case study, we 
investigate the iron anomaly 12A located in the tectono-
stratigraphic zone of the Bafgh block, 23 km N-NE of 
Choghart iron mine in central Iran. The genesis of the ore 
deposit appears to be metasomatic and volcano-sedimentary. 
The calc-sandstone (Rizu series), volcanic units (Dezu series), 
intrusive (diorite-granite) and metamorphic rocks are the units 
and formations include the ore deposit [2]. Chemical analyses 
were carried out on the Fe, S, P, P2O5, TiO2, FeO and Fe/FeO 
contents of samples from 10 exploration logs. 

 
Discussion of Results 

We introduce 10 different feature vectors using element 
sets of 3, 4, 5, 6, and 7 elements where a combination of all 7 
features in a set would represent the best output. Using the 
proposed strategy, the logs are classified into three groups. 
The first group includes the host rocks with low iron values. 
The second and third groups include iron ores of poor and rich 
magnetite ore, respectively. The classification results are 
shown to be in good agreement with existing geological 
evidences. 
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One of the great strengths of neutrons as probes of matter 

is their ability to penetrate complex sample environments. 
Neutrons are absorbed very little by such common structural 
materials as aluminum and quartz. In addition, for reflectivity 
measurements, one can use perfect crystalline substrates such 
as silicon, quartz, or alumina as the incident medium to probe 
solid/fluid interfaces. We will describe sample environments 
currently available and under development at the Spallation 
Neutron Source, including ambient and temperature-controlled 
liquid/solid, pressure, and controlled humidity cells. 
 


