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Clustering Algorithm Based on Improved SOM Model

JIANG Rui,FAN Shuwen, WANG Xiaoming and XU Youyun

School of Communications and Information Engineering, Nanjing University of Posts and Telecommunications, Nanjing 210003, China
Abstract  In the training process of the Self-Organizing Map, different classes of data have varying effects on the update of the
weight matrix. Therefore,the update of the weight matrix for a certain class of data will have an impact on the feature vectors of
the winning neurons, which are corresponding to other classes of data. This impact causes the winning neurons to deviate from the
features of the data,thus reducing the clustering accuracy of the algorithm. Regarding the above issue, this paper proposes an im-
proved confidence-based SOM model(icSOM). Firstly, the sample data is classified by the K-means algorithm to provide more in-
formation for model training. Secondly.the pre-classified data is used for training different classes SOM models to eliminate the
influence caused by data from different classes. Based on the traditional SOM model, the concept of confidence matrix is then pro-
posed. By comprehensively evaluating the confidence of the winning neurons and their Euclidean distance to the input data, the
confident neuron is finally obtained. The clustering label that assigned to this input data is same as this confident neuron’s class.
Using icSOM for clustering analysis of the Iris dataset and the Wine dataset, the experimental results show that the proposed al-

gorithm can handle sample data more effectively and achieve better clustering performance.

Keywords Machine learning, Unsupervised learning,Clustering, Self-organizing feature map neural network
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Fig. 8 Visualization of clustering results of different algorithms on Iris
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Fig. 9 Visualization of clustering results of different algorithms on Wine
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Table 1 Comparison of clustering effects on Iris dataset by

different algorithms

5% S ARI P R F1 ACC  AOT/ms
4% SOM  0.5109 0.9583 0.88 0.85 0.86 0.8986 0.0318
K-means  0.5221 0.9610 0.90 0.88 0.89 0.9093 0.0245
4 SOM  0.5143 0.9724 0.93 0.90 0.91 0.9268 0.0675
PCA-SOM  0.5127 0.9602 0.91 0.88 0.89 0.8999 0.0591
icSOM 0.5262 0.9697 0.93 0.92 0.92 0.9333 0.2217
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Table 2 Comparison of clustering effects on Wine dataset by

different algorithms

g% S ARI P R Fl1 ACC
#4 SOM  0.5084 0.9570 0.87 0.85 0.86 0.8873 0.0321
K-means  0.5219 0.9598 0.90 0.88 0.89 0.9091 0.0248
4 SOM  0.5145 0.9721 0.93 0.91 0.92 0.9266 0.0680

0 0 0 0
0 0 0 0

AOT/ms

PCA-SOM .5122 0.9594 0.90 0.88 0.89 0.8961 0.0597
icSOM L5261 0.9697 0.92 0.91 0.91 0.9298 0.2262
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