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Abstract. Sensor data processing plays an important role on the development
of the wireless sensor networks in the big data era. Owning to the existence of a
large number of incomplete data in wireless sensor networks, fuzzy c-means
clustering algorithm (FCM) ﬁnds it difﬁcult to produce an appropriate cluster
result. The paper proposes a distributed weighted fuzzy c-means algorithm
based on incomplete data imputation for big sensor data (DWFCM). DWFCM
improves Afﬁnity Propagation (AP) clustering algorithm by designing a new
similarity metrics for imputing incomplete sensor data, and then proposes a
weighted FCM (wFCM) by assigning a lower weighted value to the incomplete
data object for improving the cluster accuracy. Finally, we validate the proposed
weighted FCM algorithm on the dataset collected from the smart WSN lab.
Experiments demonstrate that the weighted FCM algorithm could ﬁll the
missing values very accurately and improve the clustering results effectively.
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1 Introduction
In the past decades, wireless sensor networks (WSNs) have made a numerous advance
for many applications such as Internet of Things (IoT) [1–3], buildings health monitoring [4], and smart world [5–8]. With the further development of WSNs, data generated by various sensors and mobile devices is increasing exponentially, which has
gradually become a major concern in academia and information industry, that is, big
sensor data [9–11].
Big data analytics have a great effect on supporting the development of WSNs. As
one important data mining tool, the fuzzy c-means clustering algorithm (FCM) can be
extensively used. However, in big sensor data, many data sets are of incompleteness,
i.e. a data set X can contain some objects with missing attribute values. FCM could not
succeed completely in clustering such incomplete data sets in real time. On the one
hand, FCM is easily corrupted by incomplete objects. On the other hand, FCM is
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difﬁcult to meet real-time requirements of clustering incomplete big sensor data due to
the huge amount of data.
The paper proposes a distributed weighted fuzzy c-means algorithm (DWFCM)
based on incomplete data imputation for clustering incomplete big sensor data. The
paper imputes the incomplete data and then clusters the dataset using FCM.
First, the paper improves Afﬁnity Propagation (AP) clustering algorithm, published
in Science magazine proposed by Frey [13], by designing a new similarity metrics for
clustering incomplete sensor data directly and then ﬁlls the missing values according to
the cluster results.
Second, the paper presents a weighted FCM algorithm (wFCM) by assigning a
lower weighted value into incomplete data objects to develop the strength against
missing values.
Third, we validate the proposed weighted FCM algorithm on the dataset collected
from the smart WSN lab. Experiments demonstrate that the weighted FCM algorithm
could ﬁll the missing values very accurately and improve the clustering results
effectively.

2 Preliminaries and Related Works
2.1

AP Clustering Algorithm

Afﬁnity propagation (AP) inputs the similarity matrix with each item sði; kÞ indicating
the difference between objects k and i.
One appealing advantage of AP is to discover the number of clusters and AP
determines clustering centroids by conveying messages between objects, that is, iteratively calculating the responsibility matrix R ¼ ½r ði; k Þ and the availability matrix
A ¼ ½aði; k Þ as follows.
rði; kÞ ¼ sði; kÞ  max
faði; k0 Þ þ sði; k0 Þg
0
k 6¼k

aði; kÞ ¼ minf0; rðk; kÞ þ

X

maxf0; rði0 ; kÞgg

ð1Þ
ð2aÞ

i0 62fi;kg

aðk; kÞ ¼

X

maxf0; rði0 ; kÞg

ð2bÞ

i0 6¼k

2.2

FCM Algorithm

FCM divides a m-dimensional dataset X ¼ fx1 ; x2 ; . . .; xn g into several groups to
illustrate the data distribution
structure. Specially, a fuzzy clustering is determined by a
 
c  n matrix U ¼ uij , where uij represents the membership value of xj assigned into
the i th group, c and n represent the number of clusters and objects, respectively. FCM
is determined by [10]
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The objective function of FCM is Eq. (4).
Jm ðU; VÞ ¼

c X
n
X

2
um
ij jjxk  vi jj

ð4Þ

i¼1 k¼1

for the membership matrix uik and the i th clustering centroid-ci , m ð1  m\1Þ.
FCM updates the matrix and the clustering centroid as:
"
uik ¼

2
c 
X
jjxk  vi jj m1
j¼1

vi ¼

n
X
k¼1

#1

jjxk  vj jj
,
um
ik xk
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ik

ð5Þ

ð6Þ
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Repeat Eqs. (5) and (6) until the convergence condition is satisﬁed, i.e.

2

e  vk;new  vk;old  .
Since the original FCM algorithm was proposed, many FCM variants were presented for improving the performance of FCM.
To improve the cluster accuracy of FCM, a weighted FCM algorithm has been
proposed by Urso et al. [14] to ﬁnd homogeneous groups. Yang et al. [15] presented a
robust FCM algorithm to avoid noisy corruption, which can determine the cluster
number automatically. Besides, some kernel FCM algorithms are proposed to improve
the accuracy by using rows to for a c-means scheme. Other improved FCM algorithms
can be found in. Improved FCM algorithms usually works well, However, they are
corrupted by missing values easily. To develop the strength against missing values, the
paper presents a wFCM algorithm to improve the standard FCM algorithm by
assigning a lower weighted value into each incomplete data object.

3 Incomplete Data Imputation Algorithm
3.1

Improved AP Algorithm for Clustering Incomplete Data

In this subsection, an improved AP algorithm is proposed to cluster incomplete data
directly.
Assume that there are n objects in the dataset O, O ¼ fo1 ; o2 ; . . .; on g, where every
object is depicted by m numerical features that have the form O ¼ fo1 ; o2 ; . . .; on g. To
produce a good result for clustering incomplete data, the algorithm ﬁrst divides the
dataset O into two disjoint subsets, C and U. In the subset C, there are no data objects
with missing values and in the set I, each data object has one or more missing values.
Next, k-means is used to cluster the objects in the subset C. Finally, each object in the
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subset I is assigned to the nearest cluster according to the similarity metrics proposed
by the paper.
Suppose the j-th feature, aj , of the object in the i-th cluster, Ci , is belonging to ½x; y.
Its value can be denoted as aij , aij 2 ½x; y. a and b, can be denoted by:
a ¼ minfjx  aijj; j y  aijjg, b ¼ maxfjx  aij j; j y  aijjg.
For each object b in a subset I, let abj denote the j-th feature Paj ðb; ci Þ, indicating the
value of b and ci on feature aj , is deﬁned as follows.




(1) 1, abj  aij   a;




(2) 1=jV j; a\ abj  aij   b;
(3) 1=jV j2 ; abj ¼ ;




(4) 0; abj  aij  [ b
From Eqs. (1), (2a), (2b), (3) and (4), calculating the difference between object b of
I and the i-th clustering center can be determined by
Similarðb; ci Þ ¼

m
X

Paj ðb; ci Þ

ð7Þ

j¼1

Consequently, the main steps of the improved AP algorithm for clustering
incomplete big data are outlined as follows.
Step 1. Divide the objective dataset O to two different subsets, C and U.
Step 2. Calculate the distance matrix S between each two objects of C.
Step 3. Calculate R ¼ ½r ði; k Þ and A ¼ ½aði; kÞ.
Step 4. Repeat step 3 till convergence condition is satisﬁed.
Step 5. For every object with aðk; kÞ þ r ðk; kÞ [ 0 indicating a clustering center.
Divide rest objects to a distinct cluster, and for the data object i, the center with max
aði; kÞ þ r ði; kÞ is its clustering representative.
Step 7. Calculate coefﬁcients, a and b, of each group.
Step 8. Assign rest objects in the subset I into the representative clusters depend on
Eq. (7).
3.2

Missing Values Filling Algorithm Based on Clustering
and Mahalanobis Distance

To improve the estimation accuracy of the target object, the paper uses the Mahalanobis distance between the target object and each object in the same cluster with the
target object to determine the weighted value of the object. Afterwards, the weighted
sum of all the objects in the same cluster with the target object is used as the predicted
value.
Consider the objects in the subset C, o1 ; o2 ; . . .; om , which are in the same cluster
with the target object g. The main steps of the ﬁlling algorithm are outlined as follows.
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Step 1. Calculate the Mahalanobis distance between the target object g and the
object o1 ; o2 ; . . .; om respectively, denoted as d1 ; d2 ; . . .; dm .
di ¼

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ðg  oi Þ R1 ðg  oi ÞT

ð8Þ

Step 2. Normalize all of the distances d1 ; d2 ; . . .; dm .
pi ¼ di

,
m
X

di ; i ¼ 1; 2; . . .; m

ð9Þ

i¼1

Step 3. Calculate the entropy of each data object according to the Eq. (10).
hi ¼ ðInmÞ1 1nðpi þ

1
Þ; i ¼ 1; 2; . . .; m
m

ð10Þ

Step 4. Calculate the weighted value of each data object according to the Eq. (11).
0
xi ¼

1

C
1 B
B1  1  hi C; i ¼ 1; 2; . . .; m
m
@
A
P
m1
ð1  hi Þ

ð11Þ

i¼1

Step 5. Calculate the predicted value of the missing data according to the Eq. (12).
g0 ¼

m
X

wi  oi ; i ¼ 1; 2; . . .; m

ð12Þ

i¼1

4 A Weighted FCM Algorithm
Even though missing values have been ﬁlled in the Sect. 3, the ﬁlled values are not
exactly equal to the original values, which will reduce the accuracy of the standard
FCM algorithm. To produce a good cluster result, the paper improves the FCM
algorithm by assigning a lower weighted value into each object with missing values,
which aims at reducing the corruption caused by missing values.
For the dataset O ¼ fo1 ; o2 ; . . .; on g, the weighted value of each data object is
determined by the following rule:
wi ¼ 1  l=m

ð13Þ

Where m is the number of the features of the data object and l is the number of
missing feature values of the data object oi . Hence, the weighted FCM algorithm
(wFCM) is deﬁned as the constrained optimization of:
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Jm ðU; VÞ ¼

c X
n
X

2
wk um
ij jjxk  vi jj

ð14Þ

i¼1 k¼1

where wk is the weighted value of the k-th object, which is determined by Eq. (13).
The steps of the wFCM algorithm are outlined as follows.
Step
Step
Step
Step

1:
2:
3:
4:

Fix m [ 1 and e [ 0 for some positive constant;
Initialize the parameters, c and V(0);
Calculate the degree of membership uij according to Eq. (5);
Calculate the cluster centers according to Eq. (15).
vi ¼

n
X
k¼1

,
w k um
ik xk

n
X

w k um
ik

ð15Þ

k¼1

Step 5: If e > max{||vk, new-vk, old||}, stop; else repeat step 3.

5 Experiments
Some experiments are run to validate the proposed algorithms in this section. The setup
is on the computer with a 3.2 GHz core, 4 GB memory and 1 TB desk. In this section,
the experimental dataset is collected from the smart WSN lab.
5.1

Experiment Results of the Missing Values Filling Algorithm

To validate the efﬁciency of our algorithm for ﬁlling missing values, select different
number of objects from the primitive dataset randomly and remove several features to
simulate the incomplete dataset O.
Assume that the number of objects of O is N with the data missing rate a, the
execution times are n, and the number of objects which are ﬁlled right is C. The ﬁlling
accuracy, called IA, is deﬁned in the Eq. (16).
IA ¼ ðC=nÞ=ðN  aÞ

ð16Þ

The proposed method called FBIAP is evaluated by comparing its effectiveness
with two of most representative algorithms, MIBOI and Nevile. The result is shown as
in Fig. 1.
From Fig. 1, the ﬁlling accuracy decreases with the growth of the missing rate. The
ﬁlling accuracy of the presented algorithm is highest because it effectively avoids the
interference of the unrelated objects with the target object. At the data missing
rate > 20%, contrary to MIBOI and Nevile whose ﬁlling accuracy decreases sharply,
the presented algorithm get a stable ﬁlling accuracy, about 80% or more, validating our
scheme to ﬁll missing values.
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Fig. 1. Filling accuracy of three algorithms.

5.2

Experiment Results of the WFCM Algorithm

To demonstrate the performance of the proposed wFCM algorithm, an evaluation
criterion called ARI is introduced. ARI(U, U’), adjusted Rand Index, is a bias-adjusted
formulation of the Rand index developed by Hubert and Arabie.
The standard FCM algorithm is used to cluster the primitive dataset to obtain the
fuzzy partition U,which represents the ground truth labels for the objects in the dataset.
Next, the standard FCM algorithm and the proposed wFCM algorithm are used to
cluster the dataset mentioned in Sect. 5.1, which will obtain fuzzy partitions FU and
wFU respectively. To compute the ARI, we ﬁrst harden the fuzzy partitions by setting
the maximum element in each column of U to 1, and all else to 0. The result is depicted
in Table 1.
Table 1. Results of FCM algorithm and wFCM algorithm.
Data missing rate FCM algorithm
wFCM algorithm
ARI I(U, FU) Iteration times ARI(U, wFU) Iteration times
5%
0.9561
14
0.9893
9
10%
0.9317
21
0.9754
8
15%
0.9021
17
0.9556
10
20%
0.8249
19
0.9331
6
25%
0.8249
20
0.9092
9
30%
0.7627
15
0.8861
7

From Table 1, with the increasing rate of missing data, the ARI(U, FU) and ARI(U,
wFU) decrease because the accuracy of the two algorithms are corrupted by missing
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data. However, the ARI(U, wFU) is greater than ARI(U, FU), which indicates that the
proposed wFCM algorithm is performed better on incomplete dataset than FCM
algorithm. In other word, the proposed wFCM algorithm obtains better partition than
FCM algorithm. In addition, the average iteration times of wFCM are fewer than that of
FCM algorithm, which demonstrates the efﬁcient of the proposed algorithm.

6 Conclusion
The paper has presented two technologies for sensor data analysis and mining, FBIAP
for ﬁlling missing values and WFCM for fuzzy clustering big sensor data. In the
FBIAP algorithm, a method based on incomplete data cluster is investigated to ﬁll
missing values accurately. The effectiveness of the proposed method has been proved
by comparison with two other representative methods, MIBOI and Nevile. To produce
a good cluster result efﬁciently, a weighted FCM algorithm is designed. Experiments
on a real dataset show that the proposed technique is more accurate than the other
improved FCM algorithms.
In the future research work, we will investigate a further improvement of WFCM to
improve the effectiveness and efﬁciency of clustering big sensor data with many
missing values. Additionally, for many semi-structured and unstructured data in big
sensor data, our future research plans will modify WFCM to cluster the two types of
incomplete data into appropriate groups.
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