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 Abstract - Clustering streaming data presents the problem of 
not having all the data available at one time. Further, the total 
size of the data may be larger than will fit in the available 
memory of a typical computer. If the data is very large, it is a 
challenge to apply fuzzy clustering algorithms to get a partition 
in a timely manner. In this paper, we present an online fuzzy 
clustering algorithm which can be used to cluster streaming data, 
as well as very large data sets which might be treated as 
streaming data. Results on several large volumes of magnetic 
resonance images show that the new algorithm produces 
partitions which are very close to what you could get if you 
clustered all the data at one time. So, the algorithm is an accurate 
approach for online clustering. 
 

I.  INTRODUCTION 

 Clustering streaming data has become an important issue 
due to the increasing availability of large amounts of data 
collected over time. Due to the reducing costs of recording 
data, the sources of streaming data are growing rapidly. 
Streaming data arrives at different times. Moreover, the size of 
the streaming data can be so enormous that we cannot store all 
of it. Instead, we must process the data as it arrives and delete 
it to free memory for incoming data. In many cases, the 
streaming data cannot be revisited due to its evolving nature 
[1-5, 11]. That is, random access is impossible. To find 
meaningful clusters under these constrains, a number of 
clustering algorithms based on the single pass approach [6, 7, 
16] have been proposed. The single pass approach can work 
well for scaling classical clustering algorithms, but may not fit 
for clustering streaming data [1]. The reason is that streaming 
data might evolve over time and a single pass view of the 
entire stream tends to make algorithms insensitive to an 
evolving distribution [1, 16]. 
 A good streaming algorithm should not only extract 
meaningful information from the entire data set, but also 
respond to dynamic changes. As stated in [1], a streaming 
clustering algorithm should be able to produce a good quality 
partition even if data is evolving considerably over time. 
Streaming methodology may also be used for scaling purposes 
when clustering very large data sets on large RAIDS. One 
advantage of streaming algorithms over many single pass and 
other scalable algorithms [8, 9, 10, 11] is that they don’t 
require random access to data points and process data in 
whatever order it may arrive. 
 In this paper, we propose an online fuzzy c means 
(OFCM) algorithm which can be used to cluster streaming 
data, as well as very large data sets which might be treated as 

streaming data. Our algorithm can provide partitions 
equivalent to fuzzy c means (FCM). Our algorithm processes 
the data as each independent chunk of data comes. That is, the 
algorithm can perform well even if the data is evolving over 
time. 

II.  RELATED WORK 

 Recently a number of algorithms have been proposed for 
clustering streaming data sets [11, 1–6, 12–13]. Most of them 
address the crisp case, clustering streaming data by using 
either hard c means or its variants or other crisp algorithms. In 
[6] a streaming algorithm was proposed using a k-Median 
algorithm called LOCALSEARCH. They showed that their 
LOCALSEARCH algorithm was better in quality but 
computationally expensive compared to hard-c-means. They 
viewed the streaming data as arriving in chunks and then, after 
clustering, memory was purged by representing the clustering 
solution by weighted centroids. Then they applied the 
LOCALSEARCH algorithm to the weighted centroids 
obtained from chunks to obtain weighted centroids of the 
entire stream seen so far. They showed that their algorithm 
outperformed BIRCH [15] in terms of quality measured in 
sum of squared distance (SSQ). This method of freeing the 
memory is similar to the method of creating a discard set in 
the single pass hard c means algorithm [8]. We also 
summarize clustering results in a similar way. The difference 
between [8, 6] and our approach is in the fact that in fuzzy 
clustering an example may not completely belong to a 
particular cluster. Our method of summarizing clustering 
results involves a fuzzy membership matrix and fuzzy 
centroids, which do not exist for the crisp cases. So in [6], 
clustering streaming data was approached using a single pass 
view of the data.  
 In [1], it was pointed out that a streaming algorithm may 
not be viewed as single pass clustering problem because they 
are generally blind to evolving distributions and a single pass 
algorithm over an entire stream will be dominated by outdated 
history. They proposed a framework for analysis of clusters 
over different time frames. They stored summary statistics 
describing the streaming data periodically using micro-
clusters which was the online component of their algorithm, 
and later analyzed these summary statistics of clusters, known 
as the offline components, over a user provided time horizon. 
They showed the superiority of their algorithm compared to 
[6] on data with an evolving distribution. 



 In [16], a streaming FCM (SFCM) algorithm was 
proposed. When the first chunk of data arrives, the algorithm 
will cluster the chunk of data into c cluster centroids using 
FCM. Memory is freed by summarizing cluster centroids into 
c weighted points using the fuzzy matrix obtained during the 
clustering. When a second or later chunk of data comes, it will 
be clustered with the weighted points of previous clustered 
chunks. How many chunks of history to use for clustering 
with a new chunk is predefined by the users. The first chunk’s 
cluster centroids are initialized randomly while the other 
chunks’ are initialized as the last chunk’s cluster centroids. 
Their experiments showed this method could provide results 
comparable with FCM only in the case the amount of 
clustering history to use is selected properly. 
 In [11], a single pass FCM (SPFCM) method was 
proposed. They separated the large data into several partial 
data accesses (PDA). The first PDA was clustered into c 
cluster centroids. Then the data in memory is condensed into c 
weighted points. Those weighted points will be clustered with 
new points in the next PDA. In their experiments, the method 
provided excellent partitions almost the same as FCM’s. There 
was a significant speedup compared with FCM. However, 
single pass FCM requires randomly reordering the entire data 
to avoid unpredictable results. So, its performance drops when 
processing data in the order it arrives. 
 In [4] a density based streaming algorithm DenStream 
was proposed. The design philosophy of the DenStream 
algorithm was similar to [1] as they too had an online 
component for summarizing cluster information and then an 
offline component later to combine clusters. They used the 
density based DBSCAN algorithm [17] in their work. Using a 
density based clustering algorithm they were able to discover 
arbitrary shape clusters and showed the robustness of their 
algorithm towards noise. However, density based algorithms 
are different from fuzzy clustering algorithms as they try to 
optimize a different objective function. In [18] a framework 
for efficiently archiving high volumes of streaming data was 
proposed, which reduces disk access for storing and retrieving 
data. They grouped incoming data into clusters and stored 
them instead of raw data. 
 Many other relevant single pass or scalable algorithms 
using hard c means, EM [32], Hierarchical Clustering and 
their variants exist [15,19-22,2]. A streaming algorithm using 
artificial immune system (AIS) models was also proposed in 
[5]. As stated before the fuzzy c means algorithm optimizes a 
different objective function and also the single pass approach 
may not be suitable for clustering an evolving stream.  
 Non-incremental algorithms for speeding up fuzzy c 
means or hard c means [23, 15, 9, 24 , 25, 10] are not 
generally applicable to clustering streaming data sets because 
they assume all the data can be loaded into memory. In [33] a 
modified FCM was proposed to simplify hardware 
implementation and obtain parallelism for real time video 
processing, but it is very application specific and not 
applicable for data streams. In [26] a data driven fuzzy 
clustering method based on the Maximum Entropy Principle 

was proposed for a real time robot-tracking application. It is 
application specific and does not have the same objective 
function as FCM. 
 Thus some work has been done for hard-c-means and 
fuzzy-c-means clustering applied to streaming data and large 
data. However, as stated in [10], the crisp clustering methods 
may not be easily generalized to their fuzzy counterparts. The 
fuzzy methods we examined above have constraints including 
having to select a properly predefined history and an inability 
to handle evolving streams. 

III.  ONLINE FUZZY C MEANS 

 Due to the constraints of limited memory and computation 
time, a streaming algorithm may be able to load only a 
relatively small amount of the data at a time depending upon 
the speed of the stream and hardware capability. As in [6], we 
assume the data is both arriving and processed in chunks, that 
is, data points arrive at time , at  and so on.  1n 1t 2n 2t
 We cluster data in each chunk by fuzzy c means (FCM), 
and we have to decide the number of clusters c for each 
chunk. In the worst case, all data in a given chunk might come 
from one class only and in the best case data might come from 
all n classes. If we set the number of clusters to be always c 
(highest resolution under the assumption we know the upper 
bound on the number of clusters), there are 2 cases: 
 Case A: If less than c classes arrive in a chunk, then we 
are overclustering. Overclustering does not cause any 
information loss. Information loss only occurs when we 
undercluster. 
 Case B: If exactly c classes come in a chunk, then we are 
partitioning the data correctly, that is, neither overclustering 
nor underclustering. 
 In both cases, setting the number of clusters to be equal to 
c, the maximum number of classes in the data set, will likely 
not cause any information loss. So we set the number of 
clusters to be c in each chunk.  
 Data in each chunk is clustered by FCM. The objective 
function ( mJ ) minimized by FCM is defined as follows: 
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Where, 
 : is the membership value of the example, ikU thk kx , in 

the cluster. thi
 : is the cluster centroid. iv thi
 : is the number of examples. n
 : is the number of clusters. c



 2( , )ik k i k iD x v x v= − : is the norm. We have used the 
Euclidean distance. 
 After data in one chunk is clustered by FCM, memory is 
freed by condensing the clustering solution in the memory 
into c weighted examples. The c weighted examples are 
represented by the c cluster centroids obtained after clustering. 
Their weights are calculated using the membership matrix as 
follows: 
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1n is the number of examples in memory 
 The weighted centroids of each final partition are saved 
with weights as calculated above. The weighted centroids of 
all chunks form an ensemble of weighted clustering solutions. 
The ensemble is then merged into c final clusters. The 
merging operation is done by clustering all the weighted 
centroids in the ensemble using their weights. Weighted FCM 
(WFCM) is used for this purpose: 
 We modified the objective function of FCM (similar to 
[22]) to take into effect the weighted examples. 
 Assuming there are  weighted examples in total, the 
cluster centroids for WFCM are calculated as: 
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 may be an original example or a weighted centroid 

and '
jx'

X is the union of the original examples and all weighted 
examples (centroids).  The 

j  are calculated from (4) for  any 
added centroids and are 1 for the original examples. The 
weights of the  weighted examples are calculated from 
condensation/summarization of clustering at previous time 
instants. 
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 The membership matrix is calculated as follows. 
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 It should be noted that the modification of the objective 
function does not change the convergence property of FCM 
because a weighted example can be thought of as many 
identical singleton examples. 
 To speed up clustering, we initialize the clustering 
process for each chunk with the final centroids obtained from 
clustering the previous chunk. This knowledge propagation 
allows for faster convergence, provided the distribution does 
not change rapidly, which might often be the case. 
 The size of the ensemble of weighted centroids is not 
likely to be large because it consists of only weighted 
centroids. If in any case it becomes large, similar to [6] the 
weighted centroids from the ensemble can be incrementally 
loaded and reclustered into c weighted centroids. This will 

decrease the ensemble size, which can be finally merged into c 
partitions in memory. 

IV. DATA SETS 

 Nine real data sets were used, including Iris, KDD98, 
Plankton and 6 magnetic resonance image data sets (MRI-4, 
MRI-5, MRI-6, MRI-7, MRI-8, and MRI-9). 
 The Iris plant data set consists of 150 examples each with 
4 numeric attributes [27] and 3 classes of 50 examples each. 
One class is linearly separable from the other two. We 
clustered this data set into 3 clusters. 
 KDD98 is the data set used in the 1998 KDD contest 
[29]. This data set is about people who gave a charitable 
donation in response to direct mailing request. It was used in 
[8], and has been preprocessed in the same way. After 
processing the original data, it has 95412 examples and 56 
features. As done in [8], we clustered this data into 10 
clusters. The code for preprocessing is available at 
http://www-cse.ucsd.edu/users/elkan/skm.html. 
 The Plankton data set consists of 419358 samples of 
plankton from the underwater SIPPER camera which records 
8 gray levels. There are 26 features extracted. The samples 
were taken from the twelve most commonly encountered 
classes of plankton during acquisition in the Gulf of Mexico. 
The class sizes range from about 11,337 to 74,053 examples. 
We clustered this data set into 12 clusters. 
 With the MRI data set, we fetched data for the 
experiments along the axial plane, from the bottom of the 
brain (neck) to the top of the skull. The distribution of tissues 
in the human brain naturally evolves as we go up or down 
along the axial plane, and there also will be different amounts 
of tissues at different locations. So we believe MRI images 
provide  good data sets to study our streaming algorithm in a 
real life scenario. 
 The MRI-4 data set was created by concatenating 96 
slices of MR images, T1 weighted, of size 512X512 from a 
single human brain. The magnetic field strength was 1.5 
Tesla. After air and skull were removed using the brain 
extraction tool (BET2) [30], there were 3,621,971 examples. 
The code for the BET2 is available at 
http://www.fmrib.ox.ac.uk/analysis/research/bet/. We 
clustered this data set into 3 clusters. 
 The MRI-5 data set was created by concatenating 144 
slices of MR images, T1 weighted, of size 256X256 from a 
single human brain. The magnetic field strength was 3 Tesla. 
After air and skull were removed using the brain extraction 
tool (BET2) [30], there were 1,248,595 examples. Intensity 
homogeneity on this data set was corrected using an 
implementation of the bias correction algorithm in [31]. We 
clustered this data set into 3 clusters. 
 The MRI-6 data set was created by concatenating 96 
slices of MR images, T1 weighted, of size 512X512 from a 
single human brain. The magnetic field strength was 1.5 
Tesla. After air and skull were removed using the brain 
extraction tool, BET2 [30], there were 4,948,180 examples. 
We clustered this data set into 3 clusters.  



 The MRI-7 data set was created by concatenating 96 
slices of MR images, T1 weighted, of size 512X512 from a 
single human brain. The magnetic field strength was 1.5 
Tesla. After air and skull were removed using the brain 
extraction tool, BET2, there were 4,031,593 examples. We 
clustered this data set into 3 clusters. 
 The MRI-8 data set was created by concatenating 144 
slices of MR images, T1 weighted, of size 256X256 from a 
single human brain. The magnetic field strength was 3 Tesla. 
After air and skull were removed using the brain extraction 
tool, BET2, there were 1,236,969 examples. Intensity 
homogeneity on this data set was corrected using an 
implementation of the bias correction algorithm in [31]. We 
clustered this data set into 3 clusters. 
 The MRI-9 data set was created by concatenating 144 
slices of MR images, T1 weighted, of size 256X256 from a 
single human brain. The magnetic field strength was 3 Tesla. 
After air and skull were removed using the brain extraction 
tool, BET2, there were 1,504,594 examples. Intensity 
homogeneity on this data set was also corrected. We clustered 
this data set into 3 clusters. 
 The value of m used in FCM was m=1.2 for the KDD98 
data set and m=2 for the other 8 data sets.  

V. EXPERIMENTAL SETUP 

 In [10], a reformulated optimization criteria , which is 
mathematically equivalent to 

mR

mJ in (1) was given: 
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 The new formulation has the advantage that it does not 
require the U  matrix and can be directly computed from the 
final cluster centroids. For large data sets, where the whole 
data cannot be loaded into memory,  can be computed by 
incrementally loading examples from the disk. 

mR

 For KDD98, Plankton and the 6 MRI data sets, 5% of the 
data was loaded in each chunk. For the Iris data set, we 
fetched 25 examples in each chunk. So, it required 6 time 
instants to fetch the full data set. We will compare the 
performance of streaming FCM [16] and OFCM under this 
setting. We also compared the results of the single pass FCM 
(SPFCM) algorithm on these data with the same chunk size as 
used for SFCM and OFCM experiments.  Results of 
experiments on the single pass algorithm (SPFCM) running 
with and without scrambling (randomly reordered) the data 
will be reported. 
 The results of OFCM and SPFCM were compared with 
the clustering quality obtained at the end of the stream for the 
SFCM algorithm. The difference in quality is computed 
according to: 
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experiments with  FCM and  is the mean  value for 
experiments with OFCM, SPFCM and SFCM. 
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 That is, the difference in value expressed in 
percentage, of the OFCM, SPFCM, and SFCM algorithms 
from the quality obtained by clustering all the data at once 
using FCM. 

mR

 All results are an average of 32 random experiments, each 
starting with a random initialization at the beginning of the 
stream. On each data set all algorithms had the same random 
initializations. 

VI. RESULTS AND DISCUSSION 

 Table 1 shows the performance of the SFCM, OFCM, and 
SPFCM algorithms compared to clustering the entire stream at 
once. 

TABLE I  
DIFFERENCE IN QUALITY (IN PERCENTAGE) OF THE SFCM, OFCM, 

AND SPFCM ALGORITHMS COMPARED TO CLUSTERING THE 
ENTIRE STREAM AT ONCE. SPFCM” MEANS CLUSTERING 

WITHOUT SCRAMBLING THE DATA. 

 
HIS1 
(%) 

HIS2 
(%) 

HIS3 
(%) 

HIS4 
(%) 

HIS5 
(%) 

SPFCM"
(%) 

SPFCM 
(%) 

OFCM
(%) 

MRI-4 0.708 1.037 6.654 12.9819 17.639 8.8818 0.0026 0.1744

MRI-5 2.408 3.894 11.154 18.0348 23.188 10.497 0.0011 0.1769

MRI-6 6.701 4.282 10.257 15.7393 19.532 8.2708 0.0009 1.109

MRI-7 1.244 22.043 69.018 109.118 141.92 84.72 0.0065 0.43

MRI-8 0.584 15.791 41.525 63.6055 82.334 47.623 0.0027 0.239

MRI-9 0.546 13.041 35.948 53.7082 67.051 40.582 0.0141 0.299

Iris 5.277 2.351 90.083 91.2483 91.565 79.673 0.1117 0.2166

KDD -0.056 -0.058 0.0169 0.0127 0.0098 -0.131 -0.0324 -0.079
Plan- 
Kton 14.239 11.743 10.154 8.7612 8.6569 4.0233 0.0046 2.9527
 
 In the table, HISn means SFCM using a history of n 
chunks. For the single pass experiments, in the table SPFCM 
denotes clustering was done on the randomly reordered data 
set, while SFCM” means data was clustered the way it comes: 
the way SFCM and OFCM algorithms fetches data.  
 In Table 1, we see SPFCM, as expected, provides 
unpredictable clustering quality when it processes data as it 
comes. When the same data sets were scrambled, it always 
produced excellent quality. For processing data in a typical 
stream setting (processed as it comes), either SFCM (with 
appropriate history) or OFCM can be used. The results in 
Table 1 show that OFCM is always superior to SFCM in 
producing a clustering solution as good as clustering the full 
stream at once. OFCM always obtained good quality 
partitions; even for the Iris experiment the quality difference is 
only 0.21661%. Generally, usage of history greater than or 
equal to 2 resulted in poor partitions, at least in the context of 
producing clustering quality (at the end of stream) as good as 
clustering the entire data stream at once. On the KDD98 data 
set, any amount of history usage gives good quality; however, 
with HIS1 and HIS2 average quality was even better than the 
average quality of FCM. OFCM varied from FCM by 1% for 
MRI-6 and 2.9% for Plankton. There are still small variations 
on large data sets. The quality of OFCM always was better 



than SFCM in producing a partition as good as clustering the 
full data set. Thus, OFCM can be thought of as a generalized 
single pass FCM algorithm that like streaming algorithms can 
process data as it comes, while at the end of the stream it can 
produce clustering quality as good as clustering the entire data 
stream. 

VII. CONCLUSION 

 In this paper, we proposed an online fuzzy c means 
algorithm for streaming data or very large data. Results on 
several large data sets (millions of examples) show that the 
new algorithm produces partitions which are very close to 
what you would get if you clustered all the data at one time. In 
our experiments, the online FCM algorithm outperforms 
streaming FCM in processing streaming data. Online FCM 
can process streaming data as it comes, while single pass FCM 
requires random reordering to achieve reasonable results. 
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