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SUMMARY
Streaming data analysis is an important part of big data processing. However, streaming data is difﬁcult to
be analyzed and processed in real time because of the rapid data arriving speed and huge size of data set in
stream model. The paper proposes a nodes scheduling model based on Markov chain prediction for analyzing big streaming data in real time by following three steps: (i) construct data state transition graph using
Markov chain to predict the varying trend of big streaming data; (ii) choose appropriate cloud computing
nodes to process big streaming data depending on the predicted result of the data state transition graph;
and (iii) assign big streaming data to these computing nodes using the load balancing theory, which ensures
that all subtasks are accomplished synchronously. Experiments demonstrate that the proposed scheduling
algorithm can fast process big streaming data effectively. Copyright © 2014 John Wiley & Sons, Ltd.
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1. INTRODUCTION
Recently, we have witnessed efforts to open up the Internet of Things (IoT), which has been used in
many application areas, such as smart home, intelligent transportation, and smart grid [1–5]. With the
fast development of IoT, sampled data from IoT is now rapidly expanding at unprecedented speed
[6]. Besides, the amount of data collected from electronic commerce and scientiﬁc computation can
exceed hundreds of terabytes every day. For example, Facebook’s log exceeds 25 TB of data every
day. We have entered the era of big data where data are being fast generated from many different
sources such as sensors, mobile devices, and electronic commerce [7–9]. Such big data are difﬁcult
to be analyzed in real time with traditional data management methods and infrastructures [10–16].
Currently, there are two computational paradigms for big data analysis, namely, stream data
processing and batch data processing. In the batch processing paradigm, sampled data are analyzed
and processed after they are organized and stored. In the past few years, batch processing paradigm
has been focused on by most of researchers. With the development of IoT, personal computing, and
electronic commerce, streaming data analysis has gradually become a hot topic in science and
commercial areas. As an important part of big data, streaming data is difﬁcult to be analyzed in real
time because of the rapid data arriving speed and huge size of data set in stream model. How to
support the real-time processing for big streaming data is a challenging issue, which has sparked
great interest of scientists and engineers coming from enterprises, universities, and institutions.
Cloud computing has emerged as a signiﬁcant technology to deal with big data in time by leveraging vast amounts of computing resources available on demand with low resource usage cost [17–19].
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When deploying a cloud application in a cloud platform, the application user needs to select some
cloud nodes to analyze and process the data. How to make optimal deployment of cloud
applications is a challenging issue. Most of current methods usually rank the available cloud nodes
based on their QoS values and choose the best performing ones. A drawback of the ranking methods
is that these methods cannot reﬂect the communication relations among cloud nodes, especially for
the communication-intensive cloud applications, which have a considerable communication delay
that can be comparable or even higher than the time required to compute.
To address the drawback, the paper proposes a nodes scheduling model based on Markov chain
prediction, which consists of two parts [20]. In the ﬁrst part, a data state transition graph is constructed
using Markov chain to track the historical state, which is used to predict the varying trend of big
streaming data. Specially, the state transition graph is used to predict the size of the data. In the other
part, a nodes scheduling algorithm combined with the data state transition graph is presented to process big streaming data in real time by following three steps: (i) partition cloud nodes into clusters
depending on the communication cost; (ii) explore an appropriate cluster depending on the predicted
result; and (iii) dispatch big data analysis to these computing nodes using the load balancing theory in
a way to enable synchronized completion at best effort performance.
Finally, a series of experiments is designed to evaluate the performance of the presented algorithm,
which demonstrates that the proposed approach outperforms other scheduling methods for big streaming
data analysis.
The rest of this paper is structured as follows. Section 2 resumes some related research on nodes
scheduling algorithms in cloud computing. The model for predicting the size of data based on
Markov chain is presented in Section 3. Section 4 describes the nodes scheduling algorithm based
on Markov chain prediction. The conducted experiments with the evaluation results are reported in
Section 5. Finally, the conclusion and discussion of this paper are summarized in Section 6.
2. RELATED WORK
Nodes scheduling is an important issue in cloud computing. Many nodes scheduling algorithms
have been proposed in the past few years. The most representative approach may be the nodes
scheduling based on QoS ranking, which have been employed in RIDGE and GridEigenTrust.
Other typical nodes scheduling algorithms include random-based nodes scheduling schemes, which
choose cloud nodes randomly to analyze and process big data, and matching approaches, which are
used to compare the users’ requirements and the QoS values of cloud nodes [21].
Most of these methods, which take only the nodes’ QoS performance into consideration, do not
consider the communication cost among cloud nodes, which has important effects on the communication-intensive cloud application, because they have a considerable communication delay that
can be comparable or even higher than the time required to compute.
To tackle this issue, the paper proposes a nodes scheduling algorithm based on Markov chain
prediction to provide optimal deployment for the communication-intensive cloud application.
3. MODEL FOR PREDICTING THE SIZE OF DATA BASED ON MARKOV CHAIN
The global state information of streaming data plays an important role on processing big streaming data
effectively. In order to record the data state information, the paper uses Markov chain to construct a data
state transition graph, which keeps the varying trend of big streaming data. In the data state transition graph,
the data size is mapped to the state space, whose varying trend is viewed as a continuous process of the state
transition. As time goes on, the states of the data are kept in the state transition graph. The amount of sampled data in the next moment can be predicted by the statistical regularity of the state transition.
3.1. Model Deﬁnition
Deﬁnition 1. (dt chain) Given that Xt represents the amount of the data in the time window whose
size is |W| and t represents the critical moment of every two time windows, the mapping function is
deﬁned as Eq. (1).
Copyright © 2014 John Wiley & Sons, Ltd.
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d t ¼ f ðX t Þ ¼

0

Xt < 2

b log2 ðX t Þc

Xt ≥ 2

(1)

For each time window, dt is a random variable. {dt,t∈T} can be approximately regarded as a Markov
chain, deﬁned as a dt chain.
Theorem: If D is the state space of dt chain, then D is a ﬁnite set and D⊂N.
Proof: According to the deﬁnition, Xt represents the amount of the data in the time window |W|, so
there must be a variable ε ∈ R, making 0 ≤ Xt ≤ ε for every moment t.
Given g(Xt) = log2(Xt),2 ≤ Xt ≤ ε, the derivative function of g(Xt) is as follows:
g ’ ðX t Þ ¼

1
>0
X t ln2

2 ≤ Xt ≤ ε

(2)

According to Eq. (2), g(Xt) is a monotonically increasing function, so g(Xt) is bounded and
Eq. (3) can be obtained.
minfgðX t Þg ¼ 1; maxfgðX t Þg ¼ log2 ε

(3)

According to Eq. (3), f(Xt) is also bounded, and for every ε ≥ 2, the formula (4) can be obtained.
minff ðX t Þg ¼ 0; maxff ðX t Þg ¼ b log2 εc

(4)

Given that f(Xt) is a rounded down function, we deﬁne that N = b log 2 εc when ε ≥ 2.
In summary, the state space (SSpace) of the dt chain is D = {0,1,2,......,N}, so D⊂N and |D| = N + 1
(|D| is the size of SSpace).
Deﬁnition 2. State transitionIn the moment ti, the state transition of the variable dt is deﬁned as
Ti = {Tij|Tij(di,dj,pij),i,j ∈ S}, which represents all possible transitions of dt in the moment ti, where
di is the current value of dt chain in the moment ti, dj is the value of dt chain in the next moment
tj, and pij are the probabilities of dt from di to dj.
If ti and tj are adjacent in the time, pij is the transition probability of one step, and Ti is the state
transition of one step of dt, which can be represented as Eq. (5).
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If the state of dt is di in the moment t0 and the state is dj in the moment t0 + m, which represents
the state of dt after m step state transition, and the probability is represented as pm
ij . The statistic value
of dj can be obtained according to Eq. (6).
jDj

d j ¼ ∑ d j  pm
ij

(6)

j¼1

Deﬁnition 3. (STSpace) The set, which consists of all the possible state transition of the di chain, is
called the state transition space with the abbreviation of STSpace. STSpace can be outlined as a
graph, called STG, shown as Figure 1.
In the state transition graph, a vertex denotes a state, and an edge represents a state transition. If
the maximum value of dt is N, the size of the state space is not more than N + 1, and the size of
STSpace is not more than (N + 1)2.
Copyright © 2014 John Wiley & Sons, Ltd.
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Figure 1. The state transition graph (STG).

3.2. Prediction algorithm for the size of data based on Markov chain
In the prediction model for the size of data based on Markov chain, there are two issues required to
address. One is to calculate the state transition probability of one step, pij, and the other is to predict
the size of data in the next moment. To tackle these two issues, the paper ﬁrst maintains the STG.
The state transition of the data is kept in the STG, and the state transition probability of one step is
calculated depending on STG.
If the state of the data is di in the moment ti, assume that the state of the data is Xj in the next
moment ti + 1. For maintaining STG, the paper deﬁnes four operations for STG in the following text.
(1) Query the state dj in the STG.
(2) Insert a new state into the STG. If the state dj is not in the STG, a new state dj is created and then
inserted into the STG. Then, the state transition Tij is inserted into the STSpace.
(3) Update STG. If a new state dj is inserted in the STG, update the counter of dj and Tij.
(4) Delete a state from STG. If a state does not appear in a very long period, remove this state and
the relevant state transitions from STG.
The updating algorithm is as Algorithm 1.

The time complexity of querying a state in the state space is O(N), and the complexity of inserting
a state into the STG is O(1). Therefore, the time complexity of the updating algorithm is O(N).
Copyright © 2014 John Wiley & Sons, Ltd.

Int. J. Commun. Syst. 2015; 28:1610–1619
DOI: 10.1002/dac

1614

Q. ZHANG, Z. CHEN AND L. T. YANG

pij can be calculated according to Eq. (7).
pij ¼

T ij :count
Si :count

(7)

Where Tij.count represents the times of the state transition Tij from the state di to the state dj, and
Si.count denotes the times of the state transition at the moment ti.
The algorithm for predicting the size of the data is outlined as Algorithm 2.

In every moment, the time complexity of computing pij is O(N2), and the time complexity of
predicting d is O(1), so the time complexity of the predicting algorithm is O(N2).
4. NODES SCHEDULING ALGORITHM BASED ON MARKOV CHAIN PREDICTION FOR
BIG DATA
After data are collected, cloud users must explore many optimal cloud nodes from the cloud
platform to deploy their cloud applications. In order to optimize a parallel data analysis and
process, this paper addresses (i) node selection, that is, ‘how many’ and ‘which’ computing
nodes in cloud should be used and (ii) data partition and synchronized completion, that is,
how to optimally apportion big data across parallelized computation environments to ensure
synchronization, where synchronization refers to completing all workload portions at the same
time even when resources and inter-networks are heterogeneous and situated in multiple
Internet-separated clouds [21].
To address these problems, the paper ﬁrst clusters the cloud nodes into groups to make the
communication cost minimally and then select one cluster for big streaming data analysis
depending on the predicted result.
Assume that there are n cloud nodes in a cloud platform, the response time between different
nodes can be represented as an n by n matrix (8), where qij represents the response time between
node i and node j. Apparently, this matrix is symmetric.
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qi represents the vector of response time from node i to other nodes, that is, qi = (qi1,qi2,…,qi,i  1,qi,i + 1,…,qi,n).
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In this paper, the response time is used to represent the distance between two nodes. If a node has
lower response times to other nodes, it means that the node has shorter distances to the other nodes.
Equation (9) is used to calculate the distance D between a node and the center of the k-th clustering.
D ¼ λ  jcali  calck j þ ð1  λÞ 

1
∑ p
d j:j∈Ck ij

(9)

where cali is the computing capacity of the node i and calck represents the computing capacity of the center of k-th clustering.
The clustering algorithm is outlined as shown in Algorithm 3, which includes the following three steps:

Step 1. Select randomly K nodes as the initial centers that are stored in F.
Step 2. Calculate the distance between every cloud node and each cluster and assign it to the closest cluster e.
Step 3. Calculate the new center of every cluster repeatedly and repeat steps 2 and 3 until the center
of every cluster do not change.

After clustering, the nodes are partitioned into several clusters, one of which is explored for big
streaming data analysis and process according to the predicted size of data d. Speciﬁcally, the cluster with strong computing power is chosen for data with large size d.
In order to make each node in the same cluster complete the tasks synchronously, the paper uses
the load balancing theory to deploy the input data into those chosen computing nodes.
If the average completion time required by the node i for ﬁnishing a unit data is denoted as ti,
which includes two parts, namely, data transmission time and data processing time. And then the
overall delay for executing a data size si (that is provided to node i for processing task) is si ti. In
order to ensure ideal parallelization for n nodes and a set of data, Eq. (10) is satisﬁed [11].
T ¼ s 1 t 1 ¼ s2 t 2 ¼ … ¼ sn t n

(10)

According the prediction algorithm of the data size, d′ is the total size of the data, and the
following formula can be obtained.
n 1
T ¼ d =∑
¯ i¼1 t i

Copyright © 2014 John Wiley & Sons, Ltd.
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From the aforementioned formulas, Eq. (12) must be satisﬁed.
n 1
si ¼ d=t i ∑
¯ i¼1 t i

(12)

Depending on Eq. (12), the paper ﬁnds the optimal data partitioning solution.
5. EXPERIMENT
In this section, a series of experiments are carried out to evaluate the performance of the presented
algorithm. There are 20 distributed nodes as cloud computing nodes in the cloud platform, each of
which has a 2.8 GHz core, 1 GB memory, and 250 GB hard drive. The data in experiments are
sampled from the digital home lab, including three sets of data: temperature, humidity, and carbon
dioxide concentration, which the total size is up to 80 GB.
5.2. Performance analysis for the prediction algorithm for the data size
In order to evaluate the performance of the prediction algorithm, the paper introduces two
performance evaluations, namely, the average relative error (AVE) and prediction success rate.
AVE is deﬁned as Eq. (13).

d  dj
1 n ¯j
(13)
mean ¼ ∑ 
n j¼1  dj j
Wherein n is the number of prediction, dj is the predicted value, and dj is the real value. Prediction success rate is deﬁned as follows.
Deﬁne 6 (SRatio) Given ε > 0, if dj, which is the predicting value of dj, meets Eq. (14), it is predictive success.


d j  dj 
¯

(14)

<ε
 dj 

average relative error

Prediction success rate is deﬁned as Sratio = t/n, wherein t is the number of prediction success
and n is the total number of prediction, ε = 5% in this paper
Figure 2 describes the result of AVE of the prediction algorithm. The state transition space is
updated frequently early in the forecast, so the prediction average error is high. As the number of
prediction increases, state transition space stabilizes gradually, so the prediction AVE decreases.
When the times of prediction are more than 700, the state transition space becomes stable, and
the predicted AVE can be close to 0.
Next, the performance of the prediction algorithm is evaluated by comparing the proposed algorithm
with multivariable regression algorithm [14] and improved expectation prediction maximization
algorithm [15] in prediction accuracy. The result is described in Figure 3. Multivariable regression
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Figure 2. Prediction result.
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Figure 3. Prediction accuracy rate curve.

algorithm and improved exact pattern matching algorithm are both based on regression model, and the
two methods are effective in prediction efﬁciency when the amount of data is small. As the data increases, the efﬁciency and accuracy of the two methods become lower gradually. In contrary, the
presented algorithm obtains better performance, especially for big streaming data.
5.3. Impact of data transfer delay on overall execution time
In order to evaluate the performance of the presented scheduling algorithm, the performance characteristics of computing nodes in the context of data computation time and data transfer delay are
analyzed ﬁrst. Figure 4 describes the impact of the data transfer delay on the overall execution time.
In Figure 4, the ﬁrst bar represents the execution time with one virtual machine, and the second
bar represents the execution time with four virtual machines in parallel, all of which are in the same
computer. From these two bars, the ﬁrst bar is higher than the second bar, which explains the need
of parallel execution of big streaming data analysis to improve the performance.
The third bar represents the execution time with four different machines in parallel, which is
higher than the second bar because of a signiﬁcant delay of big data to get transferred over the different computing nodes. Therefore, we have to deal with the data transfer delay carefully.
5.4. Performance comparison of the scheduling algorithm with other methods
To evaluate the performance of our presented method, the proposed scheduling algorithm is compared with the following scheduling algorithms.
The QoS-based scheduling algorithm. QoS-based scheduling algorithm ranks cloud nodes
depending on the QoS of the nodes.
Random-based scheduling algorithm. Random-based scheduling algorithm uses random methods
to select components.
Figure 5 describes the result of the performance comparison of all the algorithms.
In this experiment, cloud nodes are partitioned into three clusters, and the parameter is set to
λ = 0.5. The result demonstrates that the execution time of all the algorithms increases as the data
become big. The execution time of the random-based node scheduling algorithm and QoS-based
scheme are lower when the size of data is smaller than 30 GB, because computation time occupies
most of the overall execution time. However, when the size exceeds 40 GB, the transfer time

Figure 4. Performance characteristics of computing nodes.
Copyright © 2014 John Wiley & Sons, Ltd.
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Figure 5. Performance comparison of the algorithms.

increases rapidly, and the proposed method obtains better performance than other schemes that cannot consider the communication relations between cloud nodes. In conclusion, in most cases, the
proposed algorithm obtains the best performance.
6. CONCLUSION AND DISCUSSION
With the development of IoT, electronic commerce, and personal computing, how to support the
real-time analysis and process for high speed streaming data is a signiﬁcant issue. The paper has
proposed a novel scheduling model based on Markov chain prediction. The model consists of
two parts: (i) constructing a data state transition graph using Markov chain to predict the varying
trend of big streaming data and (2) designing a node scheduling algorithm based on the data state
transition to choose appropriate nodes from the cloud computing platform for big streaming data
analysis. Experiments demonstrate the effectiveness of the proposed scheduling algorithm,
especially for communication-intensive cloud applications.
In fact, data state can refer to many statistical characteristics of the data in a period, such as the
amount of the data, the average value of the data, and the variance of the data. In the paper, we take
the size as an example to demonstrate the performance of the proposed prediction model based on
Markov chain. In the further research work, we will take many proﬁles into consideration. Additionally, in the practical applications, the response time between different nodes is affected by multiple
factors, such as processing speed and data size. According to [14], the paper deﬁnes the response time
between node i and node j as the communication time spent on sending a unit data from node i to
node j. In the further research work, we will investigate other factors that affect the response time
between different nodes to demonstrate the performance of the proposed model.
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