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Abstract

As one of the classical unsupervised algorithms, fuzzy clustering algorithm is easy to fall into local
optimum without providing prior information. In order to combine supervised learning with un-
supervised learning and use both labeled and unlabeled data for training learning, this paper
proved the effectiveness of the algorithm through Laplace constraint on the objective function and
verification that the range of membership is always greater than or equal to zero. On this basis,
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prior information is added to mine a lot of useful information, so that the algorithm can reasona-
bly and effectively use the category information of part of the identified samples to affect the un-
identified samples, so as to improve the clustering performance of the semi-clustering algorithm.
Finally, the two improved algorithms proposed in this paper are compared with the original Fuzzy
C-means (FCM) for clustering index, and the results show that the proposed algorithm has good
clustering effect.
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Table 1. Accuracy of FCM, FCML and SFCML algorithms on Iris data set
% 1. Iris #{#EEE £ FCM, FCML. SFCML B X #ERHRR

I EL FCM FCML SFCML
1 0.8933 0.9067 0.9133
2 0.8797 0.8933 0.9067
3 0.9067 0.9184 0.9600
4 0.8900 0.9034 0.9307
5 0.7400 0.9700 0.9900
6 0.9700 0.9800 0.9900
7 0.9015 0.9184 0.9600
8 0.8400 0.9700 1
9 0.9700 0.9900 1
10 0.9700 0.9800 1

M 1 ATLER A, FCM 5. FCML 5L SFCML Sk IHERT R K/MK RN : SFCML 5325
K, FCML BiEHK, &5/ FCM Hik, 5Hipafras R—8. M FCM BiEAHLL, FCML Hikaeief
R EUE IS BT8R, M SFCML BELE FCML BUVERRAE Fin N BS B, 15 Bk i it —
L2

2 474 FCM. FCML fil SFCML BT RIS & NMI JRZEACR RI X LG .

Table 2. Clustering effect comparison of FCM, FCML and SFCML on Iris data set
= 2. Iris ##E&E £ FCM, FCML, SFCML BB R 3ILL

PPt A i FCM FCML SFCML
NMI 0.9067 0.9184 0.9390
RI 0.9600 0.9703 0.9800
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