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Abstract. Self-Organizing Maps have been shown to be a powerful unsuper-
vised learning a tool in the analysis of complex high dimensional data. SOMs 
are capable of performing topological mapping, clustering and dimensionality 
reduction in order to effectively visualize and understand data and it is desirable 
to apply these techniques to time–series data. In this project a novel approach to 
time-series learning using Concentric Multi-Sphere SOMs has been expanded 
and generalized into a unified framework in order to thoroughly test the learn-
ing capabilities. It is found that Quantization and Topological Error are not suit-
able to test the learning performance of the algorithms and it is suggested that 
future work focus on developing new error measures and learning algorithms. 

Keywords: Spherical SOM, time series, topological error, quantization error, 
concentric multi-sphere SOM (CSM-SOM). 

1 Introduction 

Self-Organizing Maps (SOMs) are primarily used for clustering, classification, sam-
pling and visualizing high dimensional data [1]. This technique has been widely ap-
plied in many ways, for instance clustering high-frequency financial data. The con-
ventional neighborhood arrangements are planar SOM made of two-dimensional rec-
tangular or hexagonal lattices. However, the planar SOM has a disadvantage which is 
the “border effect” [2]. During training, the neurons compete with others. The weight 
of the winning neuron and its neighbor are updated. Ideally, all the units have the 
same chance to be updated. However, in the planar map, the units at the border of the 
map have fewer neighbors than the inside units. At the end of training, the map may 
not form expected similar regions of the data space, since there are many units with 
unequal chances of being modified during training [3]. Therefore, many spherical 
SOMs were proposed in order to solve that problem.  

The motivation of this research is to provide a method that users can use an arbitrary 
number of spheres, and to observe the results of clustering data as well as the quality of 
SOMs on multiple spheres. I this paper, we consider the Spherical SOM introduced in 
[4] as the base for our Concentric Multi-Spherical SOM (CMS-SOM) topology. 
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3.4 Data Order and Sphere Targeting 

Our objective is to compare a number of distance metrics and error measures on our 
concentric multi-sphere SOMs (CMS-SOMs). With multiple spheres and a data set 
we can identify an number of plausible training regimes.  

Data order refers to the presentation order of the input data set and can be rando-
mised or preserved. For a time-series data set, we would expect better results if the 
data order is preserved if we learn useful time-based features in our model.  

Sphere targeting refers to the restriction that the best matching neuron must be se-
lected from a specific sphere. In this case during training the sphere targeted is incre-
mented in order as the patterns are presented. The other option for targeting is ‘any’ 
where all spheres are candidates to select a winning neuron. For time-series data, we 
would expect better results from ‘preserved, specific’ if consistent time-based features 
were extracted. On the other hand, ‘random, any’ would provide little evidence for 
good learning of time-based features but would demonstrate the general power of our 
approach.  

4 Data Set – ECSH 

The Easy Calm Stressful Hard (ECSH) dataset contains eye gaze and physiological 
data collected while the subject is reading some paragraphs of text which are from 
these four categories. This dataset is from a larger project [11-12] on computational 
models for stress.  

The ECSH dataset has 7 input fields being the x,y co-ordinates of the eye gaze, left 
and right pupil diameters, electrocardiogram (ECG), galvanic skin response (GSR) 
and instantaneous blood pressure (BP).  

Biopac ECG100C, Biopac GSR100C and Finapres Finger Cuff systems were used 
to take ECG, GSR and blood pressure recordings at a sampling rate of 1000 Hz. Eye 
gaze and pupil dilation signals were obtained using a Seeing Machines FaceLAB 
system with a pair of infrared cameras at 60 Hz.  

The data was synchronized and the ECSH dataset consists of 3,461 pattern vectors 
corresponding to a sampling rate of 60Hz. The data is classified into the four catego-
ries being the nature of the text being read, and is in 4 contiguous blocks of patterns.  

5 Experiment and Results 

In this experiment each inter-sphere connection metric is is used to train a range of 
numbers of spheres of different sizes and the Quantisation and Topological Errors are 
calculated for each combination of the data order and sphere targeting parameters. 

Table 1. Shows the different cases of sphere numbers and sizes 

No. spheres Sphere structure Neurons / sphere Total neurons 
1 ICOSA4 2562 2562 
4 ICOSA3 642 2568 

15 ICOSA2 162 2430 
61 ICOSA1 42 2562 

214 ICOSA0 12 2568 
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the quality of learning of time-based features on an SOM structure designed for that 
goal. We have introduced a scheme of DataOrder X Targeting to demonstrate this. Of 
the four cases, random-any clearly demonstrates the (non-time-based) power of our 
algorithm, preserved-specific would show good time-based feature learning well 
aligned to our SOM structure, preserved-any would show time-based feature learning 
less well aligned to our SOM structure (time-based features are learnt, but would 
imply some alternative topology could achieve better results), while finally random-
specific is a general control and has no particular useful meaning, so a good result 
here implies both a better topology and distance metric / learning algorithm should be 
used. 
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