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performance, such as decreasing interference and
reducing the power consumption.
A plethora of research has been done in cross-layer
design and wireless network QoS optimization in terms
of the network latency and throughput. The research in [1,
2] has explored the end-to-end delay problem. Cheng et
al. [1] emphasized on the impact incurred by the route
length and path interference on the latency in the multihop wireless network. And they designed the loose
coupling and tight coupling cross-layer optimization
scheme aiming at the route path searching and link layer
scheduling. Wang et al. [2] studied the cross-layer design
in wireless sensor network. The authors proposed a
theoretical framework based on the stochastic queuing
model and then analyzed the end-to-end delay to provide
the user’s QoS requirement. Yang et al. [3] presented a
picture transmission optimization model, which
minimizes the picture transmission energy through
adjusting the transmission power and data packet size
while satisfying the user’s assigned quality constraint.
Chen et al. [4] concentrated on improving the TCP data
transfer throughput with considering the master user’s
QoS in the cognitive radio network. Rodriguez et al. [5]
applied cross-layer design in the dynamic spectrum
allocation under the cognitive radio network, in order to
reduce the overhead and minimize the interference caused
by the users’ spectrum switching. Jaramillo et al. [6]
proposed an optimization algorithm aiming at the
congestion control and traffic scheduling in the ad-hoc
wireless network. The scheme makes the optimal
resource allocation strategy based on the dual mode
function assuring the network stability and traffic QoS
restraint. Cheng et al. [7] proposed an efficient
framework to jointly optimize spectrum and power
efficiencies of wireless networks, supporting the
statistical QoS provisioning for real-time traffic.
In recent years, the interaction among the protocol
parameters has gained the researchers’ attention [8]-[11].
Lin et al. [8] studied the cross-layer design and
optimization for delay QoS provisioning in two-way relay
systems. Their goal is to find the optimal transmission
policy to maximize the weighted sum throughput of the
two users in the physical layer while guaranteeing the
individual statistical delay-QoS requirement for each user
in the datalink layer. Xue et al. [9] proposed a cross-layer

Abstract—A cross-layer based QoS optimization algorithm for
wireless traffic networking is presented in this paper. In terms
of the fuzzy measure theory, we propose a nonlinear wireless
traffic networking optimization model based on the Choquet
integral. The model can characterize not only the protocol
parameters’ significance but also the interdependency among
those parameters on the QoS of data transmission by a nonadditive function. The distinct characteristic of the proposed
model lies in that the contribution of interaction among the
system parameters to the network performance can be evaluated
quantitatively by a general nonlinear and non-additive integral.
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INTRODUCTION

With the rapid development of broadband wireless
communication technology, the wireless network tends to
support more complicated traffic gradually. In order to
improve the user experience, different traffics should
satisfy different QoS (Quality of Service) requirements.
For instance, for the best-effort delivery traffic, it should
be provided with high throughput and low data packet
loss ratio. While for the real-time traffic, it should satisfy
the low latency and low jitter QoS demand. However, due
to the intricacy of wireless network and the complicated
relationship among the network parameters, how to
guarantee the user’s QoS based on the internet
technology becomes an intractable issue. Recently, crosslayer design has attracted a lot research interests because
of its particular advantage in improving the system
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scheduling algorithm that achieves a throughput “ε-close”
to the optimal throughput in multi-hop wireless networks
with a tradeoff of O([1/(ε)]) in average end-to-end delay
guarantees. Barrett et al. [10] focused on exploring the
effect on the system latency and throughput, which is
caused by the interdependency among the parameters
between the MAC protocol and routing protocol. And
they demonstrated the interaction’s importance on the
network performance by simulations. Kliazovich et al.
[11] quantitatively described the parameters’ impact on
the throughput and delay for the link layer. Further, they
presented a scheme which improves the user’s QoS by
adjusting the parameters according to the real-time
network condition.
The main principle of cross-layer design is to fully
utilize the interaction among the design variables on
different network layers to achieve the transmission
performance optimization for the time-varying wireless
network. However, most of the current researches analyze
this problem qualitatively and they do not evaluate the
network parameters’ effect on the user’s QoS
quantitatively. Besides, the interdependency among the
parameters should be taken into account to achieve
system performance enhancement.
This paper formulates the mathematic model based on
the configurable parameters of different network layers
and various traffic QoS requirements. The Choquet nonadditive integral has been adopted to analyze the
significance of various parameters and their interactions
on the system performance quantitatively. By adjusting
the most significant parameter, the network performance
can be optimized to guarantee the user’s QoS requirement.
The rest of the paper is organized as follows. Section II
describes the preliminary knowledge of the fuzzy
measurement and Choquet integral. Section III formulates
the transmission optimization model. The performance
evaluation and results analysis are given in Section IV.
Finally, we conclude the paper in Section V.
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where f ( x0 )  0 and ( x1' , x2' ,..., xn' ) is a permutation of

( x1 , x2 ,..., xn ) such that f ( x1' )  f ( x2' )  ....  f ( x3' ) . To
avoid the sorting process, Guo et al. [17, 18] proposed a
new genetic algorithm to calculate the Choquet integral,
which is expressed by the following expression
c

The measurement generally means the dimension of
the measuring field, which extends the concept of figure
area, the volume of vessel and so on. The classical
measurement is linear additive. For example, the volume
of two vessels which do not have overlapping space is the
same as that the sum of each vessel’s volume. However,
many practical cases can not satisfy the linear additivity,
which might cause the so-called Ellsberg Paradox, where
each individual system parameter makes “good”
decisions for maximizing the objective function
respectively, but the overall performance goes against the
traditional expected utility function [12]. For instance, in
the wireless network, the profit brought by adjusting two
protocol parameters simultaneously may not just equal
the sum of the profit brought by adjusting each protocol
parameter. Therefore, we need to comprehensively
understand the network behavior and model parameters’
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where F  {x | f ( x)  },   (, ) , if not both
Riemann’s integrals in the right hand are infinite.
Generally, when f and μ are determined, the Choquet
integral can be written as



II. FUZZY MEASUREMENT AND CHOQUET INTEGRAL
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interaction to achieve the global performance
optimization. Based on the non-additive measurement
theory, the fuzzy measurement is proposed to replace the
additivity by the weak monotonicity property [13].
To clearly depict the measurements’ significance
corresponding to each system parameter and the
interdependency among these parameters, the nonadditive regression model on the basis of the Choquet
integral has been applied in many practical areas,such as
the multi-criterion decision [14], the picture and pattern
recognition [15], and data mining [16]. Choquet integral
fuses the contribution of each predictive attribute toward
the objective attribute. The fuzzy measurement of the
integral is a non-additive set function, which reflects the
contribution of each parameter and the interaction among
each parameter into a non-additive measurement set using
the Choquet integral.
Definition 1: Let f be a real-valued function on X and μ
be a signed efficiency measurement on P(X). The
Choquet integral of f with respect to μ is defined by

2n 1

fd    ( z j   j )

(3)

j 1

where
if  0

 mini:frc j  1 ,1 f  xi   maxi:frc j 0, 1  f  xi  or j  2 n  1
   
  
(4)

zj =
 2i   2 
 2i   2 

otherwise
0

j
j
) is the fractional part of i and the
2i
2
maximum operation on the empty set is zero.
in which frc(

III. WIRELESS NETWORK TRAFFIC TRANSMISSION
OPTIMIZATION MODEL BASED ON THE CHOQUET
INTEGRAL
A. Measurement of Protocl Parameters
According to the OSI (Open Systems Interconnection)
TCP/IP reference model [19], the Internet network
730
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architecture is classified into four layers: the application
layer, the transport layer, the internet layer and the

network interface layer.

FTP
Application Layer

VoIP
Encoding rate, encoding time interval, FEC
length

Data generating rate, file
size

Transport Layer

MSS size, receive cache size,
duplicate ACK threshold, RTO

Network Layer

Sliding window size, slow start
threshold, window increase factor

Retry limit, MTU, encoding scheme,
transmitting rate, bit error rate, channel
selection

Network Interface Layer

Fig 1. Configurable parameters included in different network layers

Different layers of this model include different
protocol parameters. For example, the application layer
includes the request time interval, request file size, etc;
the transport layer includes the sliding window size, the
slow start threshold, etc. Fig. 1 illustrates the dominating
configurable parameter included in different protocol
layers where the IEEE 802.11 protocol is adopted as the
access technology.
As for the measurement of a specific protocol
parameter r, the EWMA (Exponential Weighted Moving
Average) [20] method is adopted to acquire the value, in
order to ameliorate the vibration caused by the network
burst, which is written as
'
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Each row is the observation of attributes ( x1 , x2 ,..., xn )
and y, j = 1, 2, …, l. The predictive attributes’
observation can be regarded as a function f: X→(−∞,∞)
and thus, the i-th attribute’s j-th observation can be
expressed as fji = fj(xi), 1 ≤ i ≤ n, 1 ≤ j ≤ l. The observed
data is regularized as the following formula
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attribute, f ji means the normalized observation value of
fji, indicating the relative size among the observations.
Note that here y might be a comprehensive value which
synthesizes many objective attributes. For example, the
user’s QoS might be sensitive to the network throughput
and packet loss ratio, while blunt to the delay for FTP
traffic. Suppose y1 denotes the network throughput, y2
denotes the network packet loss ratio and y3 denotes the
delay, then we can describe y as the following

where rn means the measured value of r at time n and s
represents the degree of weighting decrease, a constant
smoothing factor between 0 and 1. It is not hard to
conclude that a higher s represents the current measured
value is given a greater weight and discounts older
observations faster, leading more sensitive to the network
variation. On the other hand, r is conservative to the
network variation and emphasizes on the past
accumulation, which could mitigate the network burst.
Suppose the collected data consists of l observations of
the predictive attributes ( x1 , x2 ,..., xn ) and the objective
attribute y. Then the data can be formed as
x2

max( fi )  min( fi )

where fi represents all the observation values of i-th

(5)
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1 , 2 , 3
where
represent
different
weights
corresponding to each objective attribute and satisfy the
following constraint [21]:
0  1 , 2 , 3  1

 1  2  3  1

(8)

B. Analysis of Protocl Parameters’ Nonlinear
Regression
According to the parameters’ value obtained in the
measurement phase (subsection 3.1), the nonlinear
multiregression can be regarded as a multi-input singleoutput system shown in Fig. 2,
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their interactions’ contribution on the system
performance. From the above discussion, our significance
evaluating algorithm only depends on the system
operation data or simulation data, which can easily be
obtained from the equipment driver or the network
management protocol. Therefore, our proposed algorithm
is effectively in computational complexity and hardware
storage.

N(0,δ2)
x1
x2

Choquet
transformation

y

c

c

fd

N(0, 2)

xn

Fig 2. Regarding the nonlinear multi-regression as a multi-input singleoutput system

where x1, x2,..., xn represent the system input parameters,
c is the regression constant, N(0,δ2) is a normally
distributed interference with mean 0 and variance δ2 and
y is the system output. The set function μ describes the
importance of each individual attribute and the
combination of these attributes, which indicates the
convergence condition on the global set X. Such as μ:
P(X)→(−∞,∞), μ(θ)=0. Thus, the non-additive regression
model can be described as

y  c   fd   N (0,  2 )
c

IV. SIMULATIONO RESULTS
In this section, we present the numerical results to
validate our developed analytical model and investigate
the performance improvement using NS2 software. The
CLL (Cognitive Link Layer) algorithm [8] has been
compared with our algorithm. Fig. 3 shows the network
topology and the simulation parameters are shown in
Table I.
The users join the core network through the AP
(Access Point) and FTP service is configured on the
server. Combined with the simulation environment, we
first embody the formulas in the above proposed model.
We select the data packet generating ratio (α) of the
application layer, the sliding window size (β) of the
network layer and the data transmitting rate (γ) of the
physical layer as our experimental predictive attributes.

(9)

Based on the observation data of x1, x2,..., xn and y, the
l∙(2n) augmented matrix Z = [zjk] can be constructed,
where k=1, 2, ..., 2n，j=1,2,...,l. And zjk is determined by
Equation (4) with z(j 2n ) =y j . The linear regression
problem can be modeled by mapping the data on set X
into P(X). Here, the non-additive measurement is the
regression coefficient set and furthermore, the least
square method can be adopted to solve the linear
regression equation which is constructed by Z. The
regression residual error δ2 of this equation can be
obtained in the following way

UE10
UE3

UE1

n

2 -1
1 l
   ( y j  c   z jk k )2
l j 1
k 1
2

UE4

AP

10Mbps, 1ms

Gateway
UE8

(10)

Server

UE6
UE5

In conclusion, given the set of observation data, the
fuzzy measurement coefficient can be obtained by
solving the nonlinear integral equation. Then the
interdependency relationship among the parameters can
be ascertained by evaluating the design variables’ fuzzy
measurement. Through this way, the single variables and
their combinations’ contribution to the objective function
can be calculated quantitatively.

UE7

Fig 3. Illustration of the network topology
TABLE I: A GLOSSARY OF CONFIGURATIONS IN THE SIMULATION
SCENARIO

C.

Adaptive Adjustment of Protocol Parameters
By comparing the non-additive measurements’
significance derived by the analysis phase (subsection
3.2), the system parameter corresponding to the most
significant measurement is selected to be adjusted. For
different applications, different thresholds can be set. For
example, to the voice application, which is sensitive to
the delay, the threshold can be set as the delay that the
users can accept. Once the system detects that the
network delay exceeds the presumed threshold, the
corresponding adjustment is enabled to achieve the user’s
QoS requirement.
The nonlinear regression analysis is the core of the
system in the proposed transmission model, which
includes the measurement of the single parameters and
©2014 Engineering and Technology Publishing

10Mbps, 1ms

UE9

UE2

User number

10

Wireless AP coverage

250m

Data link layer protocol

IEEE 802.11

Data packet size

512Byte

Link delay

1ms

Link bandwidth

10Mbps

Simulation time

300s

Traffic

FTP

Next, μ({α}), μ({β}), μ({γ}), μ({α, β}), μ({β, γ}), μ({α,
γ}), μ({α, β, γ}) are denoted as the corresponding fuzzy
measurement, respectively. The user’s QoS indexes
include throughput, packet loss ratio (loss) and delay. We
assign a higher weight on throughput and loss
( 1  2  0.4 ) and lower weight on delay ( 3  0.2 ) as
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increases, the user’s QoS performance decreases. Thus,
the two objective attributes have been reciprocally
transformed before they are applied in our model. Table
II lists part of the collected data used in our simulations.

the FTP traffic is sensitive to the throughput and packet loss ratio compared with the network delay. Notice that
delay and loss are inverse proportional to the QoS. In
other words, while the delay or data packet loss ratio

TABLE II: THE COLLECTED OBSERVATION DATA IN THE SIMULATIONS

Network protocol parameters

Traffic performance index

data packet

sliding window

data

generating ratio (α)

size (β)

transmitting

delay

loss

throughput

ratio (γ)
10

20

1

0.079091

0.00122

398.909

10

20

2

0.047583

0.00031

398.716

10

20

5.5

0.02964

0.00011

398.733

...

...

...

...

...

...

...

...

...

...

...

...

20

20

1

0.079091

0.00122

398.909

20

20

2

0.047583

0.00031

398.716

...

...

...

...

...

...

...

...

...

...

...

...

40

50

2

0.11

0.01322

1003.707

...

...

...

...

...

...

50

100

1

0.51814

0.08459

655.687

50

100

2

0.320264

0.07965

1058.964

50

100

5.5

0.197457

0.08044

1751.699

By collecting the different performance indexes of the
FTP traffic transferred with different values of α, β, γ, the
significance analysis has been done for the integrated
QoS, where α={20, 50, 80, 100, 200}，β={10, 20, 30, 40,
50} ， γ={1, 2, 5.5, 11}. Fig. 4 shows different input
parameters’ contributions to the three performance
indexes, respectively. It can be observed that the three
input predictive attributes have different impact on the
system performance. Fig. 4(a) shows that while α < 50
Kbps, it has obvious effect on the system output. And
while α > 50 Kbps, the network performance tends to be
stable. Figure 4(b) shows that under the current network
condition, the sliding window size has a relative high
influence on the network delay. Fig. 4(c) indicates that
the WLAN data transmitting ratio has a high contribution
to the throughput and delay. Also, with the increment of
WLAN data transmitting ratio, the network delay

increases much more than throughput and data packet
loss ratio.
Next, we adopt the nonlinear regression model
proposed in Section 3 to obtain the fuzzy measurement
comprised of the three input parameters and their
interactions quantitatively. After the significance measurement analysis, μ({α}) and μ({α, γ}) have been deleted
and the remaining five fuzzy measurements have been
conserved, which have been given in Table III. Here, the
positive sign means user’s QoS can be improved by
increasing the corresponding measurement and vice versa.
It can be observed that μ({β, γ})=0.742 is the most
significant measurement under the current network
condition. In other words, the user QoS can be improved
by adjusting the sliding window size and the data
transmission rate.

TABLE III: SIGNIFICANCE MEASUREMENT OF THE OBSERVATION DATA

μ({β})
-0.034

μ({α,β})
-0.09

μ({γ})
0.368

Then, the measurements shown in Table III have been
adjusted to validate the effectiveness of our proposed
model. Table 4 shows the results of the user’s QoS after
adjusting the corresponding fuzzy measurement. We do
not present the result of adjusting the measurement μ({β})
©2014 Engineering and Technology Publishing
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μ({β,γ})
0.742

μ({α,β,γ})
0.379

due to its relative small significance measurement. The
CLL algorithm operates in the same way as adjusting
μ({α, β, γ}), which means that the network performance
is improved by adjusting the data packet generating ratio
α, sliding window size β, data transmitting rate γ

Journal of Communications Vol. 9, No. 10, October 2014

quantitatively depict the significance of the parameters
and their interactions, our proposed algorithm behaves
better than CLL algorithm.
Specifically, we compare the concrete values of each
performance index before and after the parameter
adjustments in Fig. 5. It can be observed that by adjusting
the most significant measurement μ({β, γ}), the user’s
QoS has much improvement on delay, packet loss ratio
and throughput. Although not all the performance indexes
achieve their optimal values, the integrated QoS value
achieves the optimal value (for example, the throughput
after adjusting μ({β, γ} is less than the results derived by
adjusting μ({γ})). More specifically, adjusting μ({α, β, γ})
means adjusting the sliding window size on the basis of
μ({β, γ}), which indicates that the network is in a slight
congested state. While the sliding window size is
increased, the network throughput decreases and the data
packet loss ratio increases. In the beginning, the network
resource has not been utilized fully, which can be
concluded by the fact that the QoS increases by adjusting
μ({α}) (the data generating ratio) and μ({γ}) (the data
transmitting rate). The network condition tends to be
congested with the increment of data generating rate.
Under the condition that the sliding window size still
grows, the network QoS would declines, which agrees
well with the experimental results.

simultaneously. From Table IV, we conclude that user’s
QoS achieves the maximum value after adjusting the
most significant measurement μ({β, γ}). And adjusting
μ({α, β, γ}) brings more QoS performance enhancement
compared with the results derived by adjusting μ({γ}),
which is in accordance with the analysis shown in Table
III.
1
0.8

QoS

0.6
0.4

delay
loss
throughput

0.2
0
20

50

80 100

200

Data Generating Rate (Kbps)

(a) α vs QoS

0.3

TABLE IV: THE USER’S QOS AFTER ADJUSTING THE CORRESPONDING
MEASUREMENT
QoS

0.2

0.1

Initial
value

μ({α,β})

μ({γ})

μ({β,γ})

CLL

0.071

0.025

0.83

0.99

0.84

delay
loss

1

throughput

0
10

30

40

0.8

50

Sliding Window Size

0.7

(b) β vs QoS

0.6
QoS

20

delay
loss
throughput

0.9

0.8

0.5
0.4
0.3

QoS

0.6

0.2
0.1

0.4

0

Initial

Adjust μ(β)

Adjust μ(γ)

Adjust μ(β,γ)

CLL

delay

0.2
0

Fig 5. Performance comparison between the initial value and the values
obtained by adjusting each fuzzy measurement

loss
throughput

1

2

5.5

11

V. CONCLUSIONS

Data Transmitting Rate (Mbps)

With the rapid development of wireless network and
the increment of wireless applications, user’ requirement
tends to show diversified characteristics, leading the
situation that the service QoS provided by the current
network is hard to be satisfied. From the perspective of
cross-layer optimization, this paper considers the
contributions brought by the different protocol

(c) γ vs QoS
Fig 4. Different predictive attributes’ contributions to the network
performance.

It can also be seen that the user’s QoS decreases after
adjusting μ({α, β}) because of the negativeness of
measurement μ({α, β}). As the CLL algorithm does not
©2014 Engineering and Technology Publishing
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parameters and their interactions on the wireless
networking QoS performance. Based on the fuzzy
measurement theory, the self-adjusting model in terms of
the protocol parameters is proposed to optimize the
wireless network performance. The protocols’ parameters
are analyzed based on the nonlinear Choquet integral and
the significance measurement is concluded. According to
the measurements’ significance analysis, the most
significant measurement is adjusted to improve the
network performance and achieve the user’s QoS. The
simulation results have validated our proposed model’s
effectiveness and feasibility.

[15]

[16]

[17]

REFERENCES
[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]
[13]
[14]

[18]

M. Cheng, Q. M. Ye, and L. Cai, “Cross-layer schmes for
reducing delay in multihop wireless networks,” IEEE
Transactions on Wireless Communications, vol. 12, no. 2, pp. 928937, Dec. 2012.
Y. B. Wang, M. C. Vuran, and S. Goddard, “Cross-layer analysis
of the end-to-end delay distribution in wireless sensor networks,”
IEEE/ACM Transactions on Networking, vol. 20, no. 1, pp. 305318, Feb. 2012.
N. Yang, I. Demirkol, and W. Heinzelman, “Cross-layer energy
optimization under image quality constraints for wireless image
transmissions,”
in
Proc.
8th
International
Wireless
Communications and Mobile Computing Conference, Limassol,
2012, pp. 1000-1005.
D. Chen, H. Ji, and V. C. M. Leung, “Distributed best-relay
selection for improving tcp performance over cognitive radio
networks: a cross-layer design approach,” IEEE Journal on
Selected Areas in Communications, vol. 30, no. 2, pp. 315-322,
Feb. 2012.
C. E. Rodriguez, R. V. Ramos, and S. G. Laguna, “Cross layer
analysis for a dynamic spectrum allocation system,” in Proc.
Workshop on Engineering Applications, Bogota, 2012, pp. 1-6.
J. J. Jaramillo and R. Srikant, “Optimal scheduling for fair
resource allocation in ad hoc networks with elastic and inelastic
traffic,” IEEE/ACM Transactions on Networking, vol. 19, no. 4,
pp. 1125-1136, Aug. 2011.
W. Cheng, X. Zhang, and H. Zhang, “Joint spectrum and power
efficiencies optimization for statistical QoS provisionings over
SISO/MIMO wireless networks,” IEEE Journal on Selected Areas
in Communications, vol. 31, no. 5, pp. 903–915, May 2013.
C. Lin, Y. Liu, and M. Tao, “Cross-layer optimization of wwoway relaying for statistical QoS guarantees,” IEEE Journal on
Selected Areas in Communications, vol. 31, no. 8, pp. 1583–1596,
Aug. 2013.
D. Xue and E. Ekici, “Delay-guaranteed cross-layer scheduling in
multihop wireless networks,” IEEE/ACM Transactions on
Networking, vol. 21, no. 6, pp. 1696–1707, Dec. 2013.
C. L. Barrett, M. Drozda, A. Marathe, et al, “Analyzing
interaction between network protocols, topology and traffic in
wireless radio networks,” in Proc. IEEE Wireless Communications
and Networking, New Orleans, 2003, pp. 1760-1766.
D. Kliazovich, J. Lima, L. S. Nelson et al. “Cognitive link layer
for wireless local area networks,” in Proc. IEEE Latin-American
Conference on Communications, Medellin, 2009, pp. 1-6.
D. Ellsberg, “Risk, ambiguity, and the savage axioms,” The
Quarterly Journal of Economics, vol. 75, no. 4, pp. 643-669, 1961.
Z. Y. Wang and G. J. Klir, Fuzzy Measure Theory, New York,
Springer, 1992, pp. 39-40.
H. Fouchal, X. Gandibleux, and F. Lehuede, “Preferred solutions
computed with a label setting algorithm based on choquet integral

©2014 Engineering and Technology Publishing

735

[19]

[20]

[21]

for multi-objective shortest paths,” in Proc. IEEE Symposium on
Computational Intelligence in Multicriteria Decision-Making,
Paris, 2011, pp. 143-150.
S. H. Yue, W. Q. Li, J. Zhao, et al, “Adding Choquet integral to
case-based reasoning with incomplete data,” in Proc. of
International Conference on Machine Learning and Cybernetics,
Qingdao, 2010, pp. 173-178.
R. Yang, Z. Y. Wang, A. H. Pheng, et al, “Classification of
heterogeneous fuzzy data by choquet integral with fuzzy-valued
integrand,” IEEE Transactions on Fuzzy Systems, vol. 15, no. 5,
pp. 931-942, Oct. 2007.
Z. Y. Wang and H. F. Guo, “A new genetic algorithm for
nonlinear multiregressions based on generalized Choquet
integrals,” in Proc. 12th IEEE International Conference on Fuzzy
Systems, 2003, pp. 819-821.
N. Yan, Z. X. Chen, Y. Shi, and Z. Y. Wang, “A nonlinear
multiregression model based on the Choquet integral with a
quadratic core,” International Journal of Granular Computing,
Rough Sets and Intelligent Systems, vol. 2, no. 3, pp. 244-256,
Aug 2010.
B. M. Leiner, R. Cole, J. Postel, et al, “The DARPA internet
protocol suite,” IEEE Communications Magazine, vol. 23, no. 3,
pp. 29-34, March 1985.
N. A. Saleh, M. M. A., and G. A. Abdel, “The performance of the
adaptive exponentially weighted moving average control chart
with estimated parameters,” IEEE/ACM Transactions on
Networking, vol. 29, no. 4, pp. 595–606, June 2013.
K. Xu, Z. Wang, M. L. Wong, and K. S. Leung, “Discover
dependency pattern among attributes by using a new type of
nonlinear multiregression,” International Journal of Intelligent
Systems, vol. 16, no. 8, pp. 949–962, Aug. 2001.
Qian Tan is a Ph.D. student at the School of
Communication Engineering at Chongqing
University, Chongqing, China. He received his
B.S. degree from Chongqing University in
2010. His research interest includes energyharvesting wireless sensor network and
heterogeneous network.

Yanwei Liu received the B.S. degree in applied
geophysics
from
Jianghan
Petroleum
University, China, in 1998, the M.S. degree in
computer science from China Petroleum
University (Beijing) in 2004 and the Ph.D.
degree in computer science from the Institute of
Computing Technology, Chinese Academy of
Sciences in 2010. In 2010, he joined the
Institute of Acoustics, Chinese Academy of
Sciences as an assistant processor. His research interests include digital
image/video processing, multiview and 3D video coding, and wireless
video communication. He has published over 40 scientific papers.
Yanni Han received her M.S. degree in
computer science technology from Yanshan
University in 2003, and her Ph.D. degree from
Beijing University of Aeronautics and
Astronautics in 2010. Now, she is an Assistant
Professor with the High Performance Network
Lab, Chinese Academy of Sciences. Her current
research interests include the cognitive
management and networked data mining.

Journal of Communications Vol. 9, No. 10, October 2014

Wei An received his B.S. degree in
Mathematics from Linyi Normal University,
Shandong, China, in 2005, and M.Sc. and Ph.D.
degrees in Applied Mathematics and Control
Science and Engineering from East China
University of Science and Engineering,
Shanghai, China, in 2008 and 2012, respectively.
He did the research as a visiting scholar in the
University of Nebraska-Lincoln, U.S.A., from 2009 to 2011. Currently,
he is a Postdoctoral Research Associate with the High Performance
Network Lab of the Institute of Acoustics of the Chinese Academy of
Sciences. His research interests include wireless sensor network and
complex systems.
Song Ci [S’98-M’02-SM’06] received his B.S.
from Shandong University of Technology (now
Shandong University), Jinan, China, in 1992,
M.S. from Chinese Academy of Sciences,
Beijing, China, in 1998, and Ph.D. from the
University of Nebraska-Lincoln in 2002, all in
Electrical Engineering. Currently, he is an

©2014 Engineering and Technology Publishing

736

Associate Professor of Computer and Electronics Engineering at the
University of Nebraska-Lincoln. His research interests include: dynamic
complex system modeling and optimization, green computing and
power management, dynamically reconfigurable embedded system,
content-aware quality-driven cross-layer optimized multimedia over
wireless, cognitive network management and service-oriented
architecture, and cyber-enable e-healthcare.
Hui Tang received his B.S. degree from
Lanzhou University in 1992, his M.S. degree
from the Institute of Computing Technology of
the Chinese Academy of Sciences in 1995, and
his Ph.D. degree from the Institute of Acoustics
of the Chinese Academy of Sciences in 1998.
Since 2004 he has become the founding director
of the High Performance Network Laboratory of
the Institute of Acoustics of the Chinese Academy of Sciences. His
research interest is the next-generation broadband wireless mobile
network.

