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Vehicle type recognition is a demanding application of wireless sensor networks (WSN). In many cases, sensor nodes detect and
recognize vehicles from their acoustic or seismic signals using wavelet based or spectral feature extractionmethods. Suchmethods,
while providing convincing results, are quite demanding in computational power and energy and are difficult to implement on
low-cost sensor nodes with limitation resources. In this paper, we investigate the use of time encoded signal processing (TESP)
algorithm for vehicle type recognition.The conventional TESP algorithm, which is effective for the speech signal feature extraction,
however, is not suitable for the vehicle sound signal which is more complex. To solve this problem, an improved time encoded
signal processing (ITESP) is proposed as the feature extraction method according to the characteristics of the vehicle sound signal.
Recognition procedure is accomplished using the support vector machine (SVM) and the 𝑘-nearest neighbor (KNN) classifier.The
experimental results indicate that the vehicle type recognition systemwith ITESP features give much better performance compared
with the conventional TESP based features.

1. Introduction

Along with the development of communication technology,
wireless sensor network (WSN) is playing an increasingly
important role in our daily life. Recent advances in wireless
communications, electronics, and ubiquitous computing, in
combination with intensive research on the field of WSN,
have changed the way we interact with the physical environ-
ment [1–3]. Vehicle type recognition, which can be used in
intrusion detection, transportation, and border monitoring,
is a significant and demanding application of WSN. In most
cases, the usage of fast Fourier transform (FFT) [4], wavelet
transform (WT) [5, 6], and Hilbert-Huang transform (HHT)
[7] to extract the frequency or time-frequency features of
the signals acquired from the acoustic and seismic sen-
sors is a common approach for the vehicle recognition.
These methods, while providing convincing results, are quite
demanding in computational power and energy and are
difficult to implement on low-cost sensor nodes with limited
resources. In WSN, the sensor nodes usually process signals

locally to come to a decision rather than transmitting the
measurements. Due to network bandwidth limitation and
energy consumption of sensor nodes, we usually wish to use
low-complexity and low-energy consumption algorithms to
recognize the vehicle type [8]. In this paper, we investigate the
use of time-domain encoding and feature extractionmethods
and propose an improved time encoded signal processing
(ITESP) algorithm. The conventional time encoded signal
processing (TESP) algorithm, which uses a symbol table with
29 characters to encode the time-domain information of the
signal, has performed well in speech recognition [9]. The
advantage of the method is its computational simplicity and
low memory requirements. However, it turns out that TESP
is not suitable for the vehicle sound signal which is more
complex. To solve this problem, the improved time encoded
signal processing feature extraction method is proposed for
the vehicle sound signal recognition. Figure 1 shows the flow
chart of vehicle type recognition system based on ITESP
algorithm.
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Figure 1: Flow chart of vehicle type recognition system based on ITESP algorithm.

The rest of the paper is organized as follows. In Section 2,
the methodologies of TESP and ITESP algorithms are
discussed, respectively. Section 3 describes the simulation
experiments of feature extraction based on ITESP algorithm.
The experimental results on the recognition performance of
the feature extraction methods are discussed in Section 4.
Finally, Section 5 presents discussion and conclusion.

2. Methodology

2.1. TESP Algorithm. TESP is a digital language that origi-
nated as a means of coding signals for speech recognition,
and it describes signal waveforms according to its real and
complex zeros based on a mathematical waveforms repre-
sentation. TESP quantisation procedure has been developed
to encode signals according to the period between two
consecutive zero-crossings and the shape of the curve thus
contained [10]. This period is named an epoch. The TESP
procedure can be described using four simple steps.

Step 1. Divide the signal into successive epochs.

Step 2. Characterize each epoch with two descriptors, dura-
tion and shape, as follows.

(i) Duration (𝐷) which is the number of samples
between two successive real zeros and provides infor-
mation on the fundamental frequency of the wave-
form.

(ii) Shape (𝑆) which is the number of local minima (for a
positive epoch) or the number of local maxima (for
a negative epoch). The shape of an epoch contains
harmonic information of the signal.

Step 3. Map each epoch, from its corresponding𝐷/𝑆 descrip-
tors, to a predefined symbol table.

The encoding procedure results in the mapping of every
epoch of the waveform in a two-dimensional space with
dimensions of max(𝐷) × max(𝑆). This bidimensional space
can get very large and depends on the bandwidth and the
complexity of the signal. To reduce the number of descriptors
needed, a quantization method is used to create a one-
dimensional symbol stream from the two-dimensional space.
𝐷/𝑆 pairs are mapped to a character using a symbol table
created beforehand, to approximate the𝐷/𝑆 space using fewer
characters [11].

Positive minima = 2

Zero crossing
duration = 17

Figure 2: TESP single epoch with 𝐷 = 17, 𝑆 = 2.

Step 4. Create a fixed-dimensions matrix containing the
appearance probability of each symbol in the entire wave-
form. This matrix will be used for the recognition task.

To make the methodology more clear, here we give an
example [10]. Figure 2 shows an epoch encoded into its TESP
parameters where𝐷 = 17 and 𝑆 = 2.

The encoding of a waveform using the aforementioned
coding scheme results in a one-dimensional symbol stream.
This symbol stream can be further manipulated to create
a one-dimensional 𝑀-size matrix (where 𝑀 is the total
number of the characters in the symbol table) which contains
the number of appearances of each symbol in the symbol
stream, called 𝑆-matrix. It can be created using the following
expression:

𝑆 (𝑖) =

𝑁

∑

𝑗=1

𝑓 (𝑥 (𝑗)) , 1 ≤ 𝑖 ≤ 𝑀, (1)

where 𝑆(𝑖), 𝑗, and𝑁 represent the 𝑖th element of 𝑆-matrix, the
𝑗th epoch of the signal, and the number of total epochs in the
waveform, respectively. 𝑥(𝑗) is the symbol describing the 𝑗th
epoch:

𝑓 (𝑥 (𝑗)) = {
1, 𝑥 (𝑗) = 𝑖,

0, otherwise.
(2)

2.2. ITESP Algorithm. In conventional TESP algorithm, the
standard symbol table used in Step 3, which contains 29
characters, has been found to be sufficient for speech signals
description, but may not be suitable for the vehicle sound
signal which is more complex. In this paper, according to
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Figure 3: Flow chart of feature extraction based on ITESP algo-
rithm.

the characteristics of the vehicle sound signals, an extensional
symbol table with 40 characters is designed, and then based
on the symbol stream which is encoded by the symbol
table, the one-dimensional 𝑆-matrix is constructed using the
appearance probability of each symbol. Meanwhile, using
the appearance probability of the two identical consecutive
symbols, the two-dimensional 𝐴-matrix is constructed as
well in order to obtain more accurate features of the signal.
The flow chart of feature extraction procedure based on
ITESP algorithm is shown in Figure 3.

3. Simulation Experiment of
Feature Extraction

3.1. Data Acquisition. In this paper, the sound signals of
two typical vehicles types (wheeled vehicles and tracked
vehicles) are selected as samples to evaluate the performance
of the feature extractionmethod.Thewheeled vehicles sound
signals were recorded during a real world WSN experiment
at Chengdu, China, and the data set was gathered from 15
microphone sensors which were deployed at three different
roads. All the signals studied were sampled at 22050Hz
and quantized with 8 bits per sample. Since most of the
tracked vehicles are military vehicles which are difficult for
acquisition in real environment, the sound signals of tracked
vehicle were downloaded from the sensor website.The sensor
website indicates that the tracked vehicle data is gathered
from two different sensor types: geophone and microphone,
each sampled at 4096Hzwith 16-bit accuracy. Figure 4 shows
the comparison between the two types of vehicle signal in
time domain.

Table 1: Standard symbol table using 29 characters.

𝐷
𝑆

0 1 2 3 4 5
1 1
2 2 2
3 3 3 3
4 4 4 4 4
5 5 5 5 5 5
6 6 6 6 6 6 6
...

...
...

...
...

...
...

34 24 25 26 27 28 29
35 24 25 26 27 28 29

3.2. Signal Preprocessing. To reduce the complexity of data
processing, the downsampling frequency of 4096Hz is firstly
employed. Moreover, the vehicle sound signals must be
filtered before the encoding procedure for threemain reasons
as follows.

(1) To minimize the number of symbols needed for the
symbol table by keeping only the important frequency
range of the signal. In this way the dimensions of the
𝑆-matrix are minimized.

(2) To eliminate high frequency “flicker” on the wave-
formwhich can be translated to localminima ormax-
ima inside an epoch, thus increasing its 𝑆 descriptor.

(3) To prevent the introduction of quantization noise.

By analyzing the main noise source of the sound signals,
we find that the frequencies of the vehicle sounds are mainly
below 800Hz. Therefore, an 800Hz low-pass Butterworth
filter is employed accordingly. Furthermore, frequency com-
ponents below 50Hz for the vehicle sound signals are not
very important in recognition task [12]. Such low frequency
signals can be ignored without decreasing performance,
which can significantly reduce the maximum value of 𝐷
descriptor.

3.3. Feature Extraction Based on ITESP

3.3.1. One-Dimensional 𝑆-Matrix. The recognition perfor-
mance and the 𝑆-matrix length depend on the symbol table
used. In most cases of speech recognition, a standard 29-
character symbol table shown inTable 1 is employed, allowing
for a maximum𝐷 of 35 and a maximum 𝑆 of 5. The standard
symbol table is optimized for speech signals. However, its
performance in vehicle sound signals should be examined.
Figure 5 shows the 𝑆-matrices of the two types of vehicle
sound signal based on 29-character symbol table.

As can be seen from Figure 5, the differences between the
appearance probabilities for the two-type sound signals are
small and scattered, which could not be used to obtain high
recognition rate in theory.Themain reason of the undesirable
𝑆-matrices is that the standard 29-character symbol table
is not suitable for the vehicle sound signal which is quite
different from the speech signal in frequency distribution.
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Figure 4: Time-domain graphs of the two types of vehicle sound signal.
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Figure 5: 𝑆-Matrices of the two types of vehicle sound signal based on 29-character symbol table.

Compared with the low-frequency part of speech signal, its
counterpart of vehicle sound signal is lower, which means
more 𝐷 is needed to describe the waveforms. Besides, the
vehicle sound signal contains more harmonic component;
consequently, the numeric values of 𝑆 should be a little larger.
According to the characteristics of the vehicle sound signal,
an extensional symbol table using 40 characters is designed to
obtain more effective 𝑆-matrix. Table 2 shows the extensional
40-character symbol table.

Compared with Table 1, the characters in Table 2 change
more frequently with the increase of 𝐷 and 𝑆, resulting in
higher separability of different𝐷/𝑆 descriptors. For the vehi-
cle sound signal that contains more harmonic information,

using the extensional symbol table can obtain more time-
domain features of the signal.The 𝑆-matrices of the two types
of vehicle sound signal based on 40-character symbol table
are shown in Figure 6.

Figure 6 indicates that, after encoding the signal using
the 40-character symbol table, the 𝑆-matrix possesses enough
difference from the different signals. Thus, we can assume
that 𝑆-matrices abstracted fromwheeled vehicles and tracked
vehicles are different enough to enable recognition.

3.3.2. Two-Dimensional𝐴-Matrix. Using the extensional 40-
character symbol table, the sound signal is encoded and
a one-dimensional symbol stream is generated accordingly.
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Figure 6: 𝑆-Matrices of the two types of vehicle sound signal based on 40-character symbol table.
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Figure 7: 𝐴-Matrices features distribution of the two types of vehicle sound signal.

In Section 3.3.1, the 𝑆-matrix is obtained by calculating the
appearance probability of each symbol. In order to obtain
more accurate time-domain features of the signal, we use
the appearance probability of the two identical consecutive
symbols to construct the two-dimensional𝐴-matrix. Figure 7
shows the𝐴-matrices features distribution of the two types of
vehicle sound signal, where the 𝑥-axis and 𝑦-axis represent
the symbols while the 𝑧-axis represents the appearance
probability.

As can be seen from Figure 7, the two-dimensional 𝐴-
matrices of the wheeled and tracked vehicle sound signals
present obvious feature distribution differences from each

other. Compared with the one-dimensional 𝑆-matrix, 𝐴-
matrix not only shows the probability features of each symbol
but also presents the spatial probability features of the sym-
bols. Thus, more accurate time-domain features of the signal
are obtained, which can further improve the recognition
performance.

4. Recognition Experimental Results

After the extraction of the time-domain features from 𝑆-
matrix and𝐴-matrix based on ITESP, respectively, the classi-
fier is employed to evaluate the performance of the proposed
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Table 2: Extensional symbol table using 40 characters.

𝐷
𝑆

0 1 2 3 4 5
1 1
2 1 1
3 2 2 2
4 3 3 3 4
5 4 4 5 5 5
6 5 5 6 6 6 6
...

...
...

...
...

...
...

36 34 35 36 37 38 39
37 35 36 37 38 39 40

algorithms. In this paper, we design two classifiers for
comparison, that is, 𝑘-nearest neighbor (KNN) classifier and
support machine vector (SVM).

4.1. 𝑘-Nearest Neighbor Algorithm. In pattern recognition,
theKNNalgorithm is a nonparametricmethod for classifying
objects based on closest training examples in the feature
space [13]. KNN is a type of instance-based learning, or lazy
learning, where the function is only approximated locally
and all computation is deferred until classification.The KNN
algorithm is amongst the simplest of all machine learning
algorithms: an object is classified by a majority vote of its
neighbors, with the object being assigned to the class most
common amongst its 𝑘-nearest neighbors (𝑘 is a positive
integer, typically small). If 𝑘 = 1, then the object is
simply assigned to the class of that single nearest neighbor.
KNN algorithm has been extensively studied in the field of
computational geometry and used in many applications [14].

4.2. Support Vector Machine. SVM, originally introduced by
Vapnik, has been shown to be effective in learning linear
and nonlinear decision boundaries and is successfully used
in many applications [15–18]. SVM performs classification
by constructing an𝑁-dimensional hyperplane that optimally
separates the data into two categories. SVM models are
closely related to neural networks. In fact, a SVM model
using a sigmoid kernel function is equivalent to a two-
layer, perceptron neural network. SVM has been used very
successfully in recent years as a substitute to neural networks.
A basic SVM can handle only two-class classification. To
use SVM in multiclass classification, the problem must be
broken down into several two-class classification tasks. The
effectiveness of SVM depends on the selection of kernel, the
kernel’s parameters, and softmargin parameter𝐶. A common
choice is a Gaussian kernel, which has a single parameter 𝜎.
In this paper, the SVMalgorithm is implemented by using the
Gaussian kernel defined by

𝑘 (𝑥, 𝑦) = exp(
󵄩󵄩󵄩󵄩𝑥 − 𝑦
󵄩󵄩󵄩󵄩
2

2𝜎2
) , (3)

where 𝜎 is a user-defined variance parameter. The best
combination of 𝐶 and 𝜎 is often selected by a grid search

with exponentially growing sequences of 𝐶 and 𝜎. Typically,
each combination of parameter choices is checked using cross
validation, and the parameters with best cross validation
accuracy are picked.The finalmodel, which is used for testing
and for classifying new data, is then trained on the whole
training set using the selected parameters.

4.3. Recognition Results. In the recognition experiments,
for the wheeled vehicle type, a heavy wheeled truck and
a sedan car are recorded while moving on the roads for
multiple times. The sound signals of tracked vehicle type we
downloaded from the sensor website also involve different
types. After that, we selected 80 signals for each vehicle type
as the recognition experimental dataset which is randomly
divided into two subsets: 30 for training and the other 50
for validation to study the recognition performance. The
recognition rate is defined as the percentage ratio of the
number of vehicle sounds correctly recognized to the total
number of sounds considered for recognition. To evaluate the
performance of the proposed ITESP algorithm, we take the
conventional TESP algorithm based on 29-character symbol
table for comparison. The computational time is measured
on a laptop with an Intel i3-2310M 2.1 GHz processor using
MATLAB commands tic and toc. Tables 3 and 4 show
the comparison of the recognition results using different
feature extractionmethods based onKNNclassifier and SVM
classifier, respectively.

From Tables 3 and 4, we can see that, for the two
types of classifiers, the SVM exhibits better performance
than KNN in both recognition rate and computational time,
indicating that SVM classifier is more suitable for vehicle
sound recognition system. On the other hand, for the three
feature extraction methods, the ITESP algorithm (including
40-character based 𝑆-matrix and 40-character based 𝐴-
matrix) obtains much higher recognition rate than TESP
algorithm. Compared with the recognition rate based on the
conventional TESP algorithm (51%), the recognition rates
using the proposed 𝑆-matrix and𝐴-matrix are up to 84% and
87%, respectively. However, the computational time based
on 𝐴-matrix (2.37 s) is longer than that of 𝑆-matrix (0.79 s).
Therefore, the selection between the 𝑆-matrix and the 𝐴-
matrix as the feature extractionmethod should depend on the
actual demand of the recognition system for the recognition
rate or the computational time.

However, as to the entire vehicle type recognition WSN
system, the sensor network lifetime mainly depends on the
energy consumption due to the difficulty in charging batteries
[19]. Next, in the same sensor network, we compare the
energy performances of the network that using the time-
domain signal processing method based on ITESP algorithm
and using the time-frequency domain signal processing
method based on wavelet transform (WT).The initial energy
of the network is set to 200 J. The comparison of the residual
energy with the network lifetime is shown in Figure 8.

Figure 8 shows that the energy consumption ratio of the
WSN system using WT is much quicker than that using the
ITESP algorithm, indicating that the vehicle type recognition
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Table 3: Comparison of the recognition results using three feature extraction methods based on KNN classifier.

KNN classifier
Feature extraction methods

TESP algorithm ITESP algorithm
29-character based 𝑆-matrix 40-character based 𝑆-matrix 40-character based 𝐴-matrix

Wheeled vehicles 48% 76% 88%
Tracked vehicles 54% 84% 82%
Average recognition rate 52% 80% 85%
Average computational time 0.63 s 0.81 s 2.55 s

Table 4: Comparison of the recognition results using three feature extraction methods based on SVM classifier.

SVM classifier
Feature extraction methods

TESP algorithm ITESP algorithm
29-character based 𝑆-matrix 40-character based 𝑆-matrix 40-character based 𝐴-matrix

Wheeled vehicles 52% 82% 90%
Tracked vehicles 50% 86% 84%
Average recognition rate 51% 84% 87%
Average computational time 0.82 s 0.79 s 2.37 s
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Figure 8: Comparison of the residual energy with the network
lifetime.

WSN system based on ITESP can save network energy and
extend the life cycle of network more effectively.

5. Conclusion

In this paper, we presented a promising method for vehicle
type recognition, using the improved time encoded signal
processing (ITESP) for signal encoding and support vector
machine for classification. Aiming at the problem that the
conventional TESP algorithm was effective for the speech
signal feature extraction but not suitable for the vehicle sound
signal, we designed an extensional 40-character symbol table,
and then used the symbol stream which was encoded by
the symbol table to construct one-dimensional 𝑆-matrix and

two-dimensional 𝐴-matrix, respectively, as the time-domain
features of the sound signal. Experimental results indicated
that the ITESP methods provided higher recognition rates
between two types of vehicles (wheeled type and tracked
type) using their sound signature. Compared with the feature
extraction method based on time-frequency domain analysis
(WT), the ITESP algorithm needs less energy consumption.
Our future work will focus on the recognition performance
using more vehicle types, hardware implementation of the
classifiers on the prototype sensor nodes, and field testing of
the system.

Conflict of Interests

The authors declare that there is no conflict of interests
regarding the publication of this paper.

Acknowledgments

This work is supported by the Grants from the National
Science Foundation of China (nos. 61272448, 61302028),
STMSP project (no. 2012RZ0005), and the Foundation of
Sichuan University Early Career Researcher Award (nos.
2012SCU11036, 2012SCU11070).

References

[1] P. Mehta, D. Chander, M. Shahim, K. Tejaswi, S. N. Merchant,
and U. B. Desai, “Distributed detection for landslide prediction
using wireless sensor network,” in Proceedings of the 1st Interna-
tional Global Information Infrastructure Symposium (GIIS ’07),
pp. 195–198, IEEE, 2007.

[2] P. K. Sahoo, K.-Y. Hsieh, and J.-P. Sheu, “Boundary node
selection and target detection in wireless sensor network,” in
Proceedings of the IFIP International Conference onWireless and
Optical Communications Networks (WOCN ’07), pp. 1–5, IEEE,
2007.



8 Mathematical Problems in Engineering

[3] H. Shi,W.Wang, andK.Ngaiming, “Energy dependent divisible
load theory for wireless sensor network workload allocation,”
Mathematical Problems in Engineering, vol. 2012, Article ID
235289, 16 pages, 2012.

[4] P. Gil-Jimenez, H. Gomez-Moreno, P. Siegmann, S. Lafuente-
Arroyo, and S. Maldonado-Bascón, “Traffic sign shape classi-
fication based on Support Vector Machines and the FFT of the
signature of blobs,” in Proceedings of the IEEE Intelligent Vehicles
Symposium (IV’ 07), pp. 375–380, 2007.

[5] Y. Wang and Z. Li, “Study on feature extraction method
in border monitoring system using optimum wavelet packet
decomposition,” AEU—International Journal of Electronics and
Communications, vol. 66, no. 7, pp. 575–580, 2012.

[6] P. Chakraborty, S. Kumar, R. Ghosh, K. Sardana, and A.
Akula, “Computational techniques for classification of mili-
tary vehicles using seismic signatures,” in Proceedings of the
3rd International Conference on Computing Communication &
Networking Technologies (ICCCNT ’12), pp. 1–4, 2012.

[7] P.-W. Shan andM. Li, “Nonlinear time-varying spectral analysis:
HHT and MODWPT,” Mathematical Problems in Engineering,
vol. 2010, Article ID 618231, 14 pages, 2010.

[8] M. Duarte and H. Hu, “Vehicle classification in distributed
sensor networks,” Journal of Parallel andDistributedComputing,
vol. 64, no. 7, pp. 826–838, 2004.

[9] E. Lupu, Z. Feher, and P. Pop, “Speaker verification rate study
using the TESPAR coding method,” in Proceedings of the COST
276 Workshop on Information and Knowledge Management for
Integrated Media Communication, 2002.

[10] S. Abdusslam, M. Ahmed, P. Raharjo, F. Gu, and A. Ball, “Time
encoded signal processing and recognition of incipient bearing
faults,” in Proceedings of the 17th International Conference on
Automation & Computing (ICAC ’11), pp. 289–293, 2011.

[11] G.Mazarakis and J. Avaritsiotis, “Vehicle classification in sensor
networks using time-domain signal processing and Neural
Networks,”Microprocessors and Microsystems, vol. 31, no. 6, pp.
381–392, 2007.

[12] S. M. Chen, D. F. Wang, and J. M. Zan, “Interior noise
prediction of the automobile based on hybrid FE-SEAmethod,”
Mathematical Problems in Engineering, vol. 2011, Article ID
327170, 20 pages, 2011.

[13] J. Ryu, J.-J. Choi, B.-D. Hahn, D.-S. Park, W.-H. Yoon, and
K.-Y. Kim, “Sintering and piezoelectric properties of KNN
ceramics doped with KZT,” IEEE Transactions on Ultrasonics,
Ferroelectrics, and Frequency Control, vol. 54, no. 12, pp. 2510–
2515, 2007.

[14] S. Tan, “An effective refinement strategy for KNN text classifier,”
Expert Systems with Applications, vol. 30, no. 2, pp. 290–298,
2006.

[15] C. Liao and T. Chang, “Applying ranking SVM in query
relaxation,” inProceedings of the 30thAnnual InternationalACM
SIGIR Conference on Research and Development in Information
Retrieval (SIGIR ’07), pp. 763–764, Association for Computing
Machinery, 2007.

[16] S.H. Yen andC. J.Wang, “SVMbasedwatermarking technique,”
Tamkang Journal of Science and Engineering, vol. 9, no. 2, pp.
141–150, 2006.

[17] Z.Guo, Y.Dong, J.Wang, andH. Lu, “The forecasting procedure
for long-term wind speed in the Zhangye area,” Mathematical
Problems in Engineering, vol. 2010, Article ID 684742, 17 pages,
2010.

[18] C. Lardeux, P.-L. Frison, J.-P. Rudant, J.-C. Souyris, C. Tison,
and B. Stoll, “Use of the SVM classification with polarimetric

SAR data for land use cartography,” in Proceedings of the IEEE
International Conference on Geoscience and Remote Sensing
Symposium (IGARSS ’06), pp. 493–496, 2006.

[19] W. Yang and H. Shi, “Sensor selection schemes for consensus
based distributed estimation over energy constrained wireless
sensor networks,” Neurocomputing, vol. 87, pp. 132–137, 2012.



Submit your manuscripts at
http://www.hindawi.com

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Mathematics
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Mathematical Problems 
in Engineering

Hindawi Publishing Corporation
http://www.hindawi.com

Differential Equations
International Journal of

Volume 2014

Applied Mathematics
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Probability and Statistics
Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Mathematical Physics
Advances in

Complex Analysis
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Optimization
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Combinatorics
Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

International Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Operations Research
Advances in

Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Function Spaces

Abstract and 
Applied Analysis
Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

International 
Journal of 
Mathematics and 
Mathematical 
Sciences

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

The Scientific 
World Journal
Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Algebra

Discrete Dynamics in 
Nature and Society

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Decision Sciences
Advances in

Discrete Mathematics
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com

Volume 2014 Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Stochastic Analysis
International Journal of


