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following 4 domains: supply chain management, transport,
healthcare and disaster alerting and recovery[3].
Recently, more and more embedded devices are joined in
IoT to monitor all kinds of objects, including traffic facilities,
buildings, and lakes and so on, which makes the size of the
data very huge [4]. In other word, we are living in an era
where data is being generated from many different sources
such as sensors, mobile devices and RFID [5]. To be specific,
sensors distributed in different geographic locations collect
data continuously from various objects before the amount of
long accumulated data is extremely huge [6]. Besides,
collected data from numerous mobile devices for multi-target
tracking can exceed hundreds of terabytes and be
continuously generated. In addition, the rapid development
of the scientific research and electronic commerce is also
main reason to make the amount of the data increase at the
unprecedented rate. Such big data represents data sets that
can no longer be easily analyzed and stored with traditional
data management methods and infrastructures and pose a
huge challenge on storage and analytics [7].
Contrary to the traditional massive data, most of big data
are unstructured and heterogeneous[8]. So, big data can not
be effectively stored and analyzed by relying solely on
traditional relational database. For this problem, researchers
have researched and developed some new kinds of databases
which are based on NoSQL data model, such as key-value
data model, document data model and full-text index model.
Besides, the advent of cloud computing provides an effective
tool for big data storage and analytics[9]. Cloud computing is
Internet-based computing, where shared resources are
provided to users on-demand, like a public utility[10]. In
recent years, many enterprises have built cloud data center to
store massive unstructured data. However, most of these

Abstract—With the rapid development of the Internet of Things
and Electronic Commerce, we have entered the era of big data.
The characteristics, such as great amount and heterogeneousity,
of big data bring the challenge to the storage and analytics. The
paper presented a universal storage architecture for big data in
cloud environment. We use clustering analysis to divide the cloud
nodes into multiple clusters according to the communication cost
between different nodes. The cluster with the strongest
computing power is selected to provide the universal storage and
query interface for users. Each of other clusters is responsible
for storing the data of a particular model, such as relational data,
key-value data, and document data and so on. Experiments show
that our architecture can store all kinds of heterogeneous big
data and provide users with unified storage and query interface
for big data easily and quickly.
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I.

INTRODUCTION

In recent years we have witnessed efforts to open up the
Internet of Things (IoT) and to make its development more
inclusive[1]. The Internet of Things is the pervasive presence
around us of a variety of things or objects, such as RadioFrequency Identification (RFID) tags, sensors, actuators,
mobile phones, etc, which, through unique addressing
schemes, are able to interact with each other and cooperate
with their neighbors to reach common goals[2]. Enabling the
objects in our everyday working or living environment to
possibly communicate with each other and elaborate the
information collected from the surroundings will make a lot
of applications possible. The applications of IoT
technologies, which are either directly applicable or closer to
our current living habitudes, might be grouped into the
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cloud data centers store big data based on single data model,
which is inefficient to store massive heterogeneous data.
The paper proposes a universal storage architecture for
big data in cloud environment which support multiple data
models at the same time. We use clustering analysis to divide
the cloud nodes into multiple clusters according to the
communication cost between different nodes. The cluster
with the strongest computing power is selected to provide the
universal storage and query interface for users. Each of other
clusters is responsible for storing the data of a particular
model, such as relational data, key-value data, and document
data and so on. Experiments show that our architecture can
store all kinds of heterogeneous big data and provide users
with unified storage and query interface for big data easily
and quickly.

III.

A UNIVERSAL STORAGE ARCHITECTURE FOR BIG
DATA IN CLOUD ENVIRONMENT

The presented storage architecture can support multiple
data models, including all kinds of relational data and nonrelational heterogeneous data called NoSQL data, by
dividing nodes in cloud storage center into several clusters,
each of which stores data with special model such as keyvalue model and document model. Furthermore, the
architecture provides users with unified storage interface and
query interface.
The whole architecture can be partitioned into two layers
in logic, data analysis layer and data storage layer, shown as
figure 3.1.
users

II.

RELATED WORK

……
data

With the increasing size of unstructured data, NoSQL
have gained popularity in the recent years and have been
successful in many production systems. A variety of NoSQL
databases has been developed mainly by practitioners and
web companies to fit their specific requirements regarding
scalability performance, maintenance and feature-set.
According to Rick Cattell[11], we can classify exited
NoSQL data models into three categories: key-value stores,
document stores and extensible record stores.
Key-value stores[12] have a simple data model in
common: a map/dictionary, allowing clients to put and
request values per key. Key-value stores favor high
scalability over consistency and therefore most of them omit
rich ad-hoc querying and analytics features. Typical database
systems based on key-value stores include Berkeley DB[13],
Oracle Coherence[14] and Kyoto Cabinet[15].
Document stores[11] can be considered to be next step to
the key-value stores because they store more complex data
than the key-value stores. They store “documents” which
allow values to be nested documents or lists as well as scalar
values, and the attribute names are dynamically defined for
each document at runtime. MongoDB[16] and CouchDB[17]
are cases based on document stores.
Extensible Record Stores[11] is motivated by Google’s
success with Big Table[18]. The basic data model is rows
and columns, and the basic scalability model is splitting both
rows and columns over multiple nodes. Rows are split across
nodes through sharding on the primary key and columns of a
table are distributed over multiple nodes by using “column
groups”.
In addition, there are several other NoSql stores,
including graph database[19], such as neo4j and FlockDB,
and full-text index database[20], such as Apache Lucene.
At present, many enterprises have built cloud data center
to support NoSql database. However, most of these cloud
data centers store unstructured big data based on single data
model, which is inefficient to store massive heterogeneous
data. The paper will focus on the universal storage
architecture which support multiple data models at the same
time.

data store module

RDBMS

users
query

data query module

……

cloud
store

Fig.3.1 Universal storage architecture

A. Data analysis layer
After nodes in cloud environment are divided into
several clusters, the cluster with the strongest computing
power is selected as data analysis layer which, including
data store module and data query module, provides users
with unified data storage interface and data query interface.
Though the unified storage interface provided by the
data storage module, users can submit massive data to the
cloud store center without considering the type of the data
and the format of the data.
After receiving the user-submitted massive
heterogeneous data, the data storage module analyzes the
characteristics of the data and chooses the appropriate data
model to normalize them. At last, the normalized data are
dispatched to the corresponding cluster in the data storage
layer for store. For example, if the user-submitted data are a
large number of sensor data, most of which are structured
with temporal-spatial characteristics, we can use the base
state with amendments model or other spatiotemporal data
model to normalize them and then store them to the cluster
supporting spatiotemporal database.
The key point of the data storage module is to choose
the appropriate data model to normalize the user-submitted
data depending on the characteristics of the data and to
dispatch them to the corresponding cluster for storage. In
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many cases, big data are submitted in stream. For example,
the data collected from the Internet of Things are transferred
to the cloud store center, which requires the data storage
module to be able to analyze and organize the streaming
data in time.
Users can call the unified query interface provided by
the data query module submit various query requests to the
cloud store center without considering the storage type and
storage format of the data and query mold, such as
spatiotemporal query for the sensor data in IoT and the
query based on key for the key-value data.
After receiving the user-submitted query request, the
data query module analyzes the mold of the query,
transforms the query request to the query commend
supported by the database, and then sends the query
commend to the corresponding cluster in data storage layer
for executing the query task. At last, the data query module
passes the query result to users.
The key problem of the data query module is to
transform the user-submitted query request to the query
commend supported by the database and chooses the
corresponding cluster to execute the query task.

Assume there are n cloud nodes distributed in a cloud,
the response times between nodes can be represented as an n
by n matrix, where pij is the response time between node i
and node j. Apparently, this matrix is a symmetric matrix, in
other words, pij = pji.
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We use pi to represent the vector of response times
from node i to other nodes. i.e., pi=(pi1,pi2,…,pi,i1,pi,i+1,…,pi,n).
A cluster analysis algorithm is designed to divide the
cloud nodes into K clusters, C={C1,C2,…,CK}.They satisfy
the following condition.
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B. Data storage layer
In order to store the data of various data model, we
divide the nodes of the cloud storage center into multiple
clusters, each of which store the data with one special model,
such as spatiotemporal data model for the sensor data in IoT.
Assume that the data center needs support n kinds of data
models, and then the cloud nodes will be divided into n+1
clusters, the cluster with the strongest computing power of
which is selected as the data analysis layer and the other
clusters of which form the data storage layer together.
Cluster analysis is useful for discovering groups and
identifying interesting distributions in the underlying data.
Cluster analysis can group objects (e.g., cloud nodes) based
on the information found in the data describing the objects
and their relations[21]. So, we use clustering method to
divide the cloud nodes into clusters based on the
communication between nodes, making the communication
cost during data backup in the same cluster smallest.
Choosing proper initial centroids is a key step of the
cluster analysis procedure. Although it is easy to choose
initial centroids randomly, the cluster results are often poor.
The major challenges of the random method is that the
noises and outliers (e.g., cloud nodes with large response
time) may be selected, which will greatly influence the
quality of clusters. In general, in a data space, data objects
in a lower density area are usually regarded as noise objects
[22]. In this paper, we select centroids by using a densitybased method, which selects the initial centroids from highdensity areas.
In our approach, we use the response time between
two nodes to represent the distance between them. If a node
has lower response times to other nodes, it means that the
node has shorter distances to the other nodes.

The following formula is used to calculate the distance
D between a node to the centroid of the k-th clustering.

D

1
d

¦

pij

(1)

j: jCk

Our clustering algorithm for finding K clusters as
shown in Algorithm 1 includes the following steps:
Step1 Select K centroids by density-based method,
where F stores the initial centroids.
Step2 C used to stores all K cluster sets. Before iterate,
in line 13, we set C = F , use the initial centroid to represent
cluster. Eq.(1) used to calculate the distance between the
cloud nodes and all clusters, then assign the cloud nodes to
the closest cluster e.
Step3 Calculate the new center of every cluster by
Eq.(2), and use the new center to replace the interrelated
cluster. Repeat step 2 and 3 until the centroids of every
cluster don’t change.
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d

¦
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pi Ck

Algorithm 1: The algorithms of cluster analysis
Input: Cloud nodes set I
Output: K clusters
1 F=˗
2 select centroids to F,|F|=K;
3 C=F;
4 repeat
5
for each ięI do
6
e=arg minjęCdist(pi,cj);
7
e=e+{pj};
8
end
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The results show that the presented storage architecture is
more suitable for storing massive heterogeneous data.

9
for each jęC do
10
cj=avg(cj);
11
End
12 until centroid of every cluster does not change;

IV.

C. Performance of Query Processing
We take the spatial query for example to evaluate the
query performance of our architecture. To reveal the relation
between query response time and the range size, we select a
number of spatial ranges. Specifically, T1 though T7 are 7
time ranges with the same start time and ordered by their end
time.
From Figure 4.2, the query response time increases with
the increasing of the time range. However, our architecture
can take full of the index created by the spatiotemporal
database, so the query response time of our architecture is
much shorter than that of the other two database which
shows the flexibility of the presented architecture.

EXPERIMENT AND PERFORMANCE EVALUATION

In this section, we evaluate our proposed storage
architecture for big data by real-world experiments and give
a comprehensive performance analysis. We first describe our
experiment setup, followed by the experimental results.
A. Experiment Setup
Our experimental environment consists of 12 distributed
nodes as cloud nodes, each of which has a 2.8GHz core,
1GB memory and 250GB hard drive. We choose three data
model to evaluate the presented architecture, including keyvalue model, extensible record model and structured
spatiotemporal model. So we divide the cloud nodes into
four clusters and setup three database management systems,
Redis for storing the data of key-value model, HBase for
storing the data of extensible record model and Oracle for
storing the data of structured spatiotemporal model. In our
experiment, all of the data have two backups.
In our experiment, there are three kinds of data, the
spatiotemporal data collected from the digital home lab
including three sets of data: temperature, humidity, and
carbon dioxide concentration, the semi-structured data ,that
is HTML texts, collected from massive web pages as the
instance of extensible record model and the log data of Linux
system, which are unstructured, as the example of key-value
model.
We evaluate the performance of our storage architecture
from two aspects: data loading and query processing. We
compare CloST with two production systems that are widely
used to store big data: Redis and HBase.
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Fig.4.2 Query processing performance

D. Performance of Data Backup
In our storage architecture, we divide the cloud nodes
into four clusters to make the communication cost during
data backup and data loading smallest. To evaluate the
performance of our method, we compare our algorithm with
the random division method randomly dividing cloud nodes
into four clusters, each of which have the same number of
cloud nodes.

B. Performance of Data Loading
To evaluate the data loading performance of our storage
architecture, we use 2 datasets, each of which includes three
kinds of data mentioned above. The size of each dataset is
10GB and 20GB. As is shown in Figure 4.1, the data loading
speed of our architecture is up to 5 times faster than the other
systems.
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Fig.4.3 Data backup performance

As is shown in Figure 4.3, the results show that the backup
time of both methods increases with the increasing of the
data size. However, our storage architecture considers the
communication cost between the cloud nodes when dividing
the cloud nodes into clusters, so our architecture needs
shorter time during data backup.
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Fig.4.1 Data loading performance
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V.

[8]

CONCLUSION

With the development of the IoT and Economic
Commerce, the era of big data have come. Generally, most
of big data are unstructured and heterogeneous, which poses
huge challenge on storage in cloud store center. The paper
presented a universal storage architecture for big data in
cloud environment. We use clustering analysis to divide the
cloud nodes into multiple clusters according to the
communication cost between different nodes. The cluster
with the strongest computing power is selected to provide the
universal storage and query interface for users. Each of other
clusters is responsible for storing the data of a particular
model, such as relational data, key-value data, and document
data and so on. Experiments show that our architecture can
store all kinds of heterogeneous big data and provide users
with unified storage and query interface for big data easily
and quickly.
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