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Abstract
Intelligent Transportation Systems rely on understanding, predicting and affecting the inter-

actions between vehicles. The goal of this paper is to choose a small subset from the larger

set so that the resulting regression model is simple, yet have good predictive ability for Vehi-

cle agent speed relative to Vehicle intruder. The method of ANFIS (adaptive neuro fuzzy

inference system) was applied to the data resulting from these measurements. The ANFIS

process for variable selectionwas implemented in order to detect the predominant variables

affecting the prediction of agent speed relative to intruder. This process includes several

ways to discover a subset of the total set of recorded parameters, showing good predictive

capability. The ANFIS network was used to perform a variable search. Then, it was used to

determine how 9 parameters (Intruder Front sensors active (boolean), Intruder Rear sensors

active (boolean), Agent Front sensors active (boolean), Agent Rear sensors active (bool-

ean), RSSI signal intensity/strength (integer), Elapsed time (in seconds), Distance between

Agent and Intruder (m), Angle of Agent relative to Intruder (angle between vehicles °), Alti-

tude difference between Agent and Intruder (m)) influence prediction of agent speed relative

to intruder. The results indicated that distance between Vehicle agent and Vehicle intruder

(m) and angle of Vehicle agent relative to Vehicle Intruder (angle between vehicles °) is the

most influential parameters to Vehicle agent speed relative to Vehicle intruder.

Introduction
Cyber-Physical Systems (CPS) is emerging as an integrative research field aimed toward a new
generation of engineered systems [1]. CPSs are mostly distributed parameter systems (DPSs)
which combine real-time computing, embedded systems, wireless sensor networks, control
theory, signal processing and knowledge creation using artificial intelligence [2].
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Intelligent Transport systems (ITS) fall in the framework of cyber-physical systems due to
the interaction between physical systems (vehicles) and a distributed information gathering
and dissemination infrastructure. Electrical and hybrid vehicles are recognized as an important
ingredient in a high-efficiency and clean transportation network. The Energy Storage System
(ESS) largely affects the performance and cost of an electric vehicle, especcially if the vehicles
are treated as a component of the Cyber-physical systems, where the energy saving is
important.

Intelligent Transportation Systems rely on understanding, predicting and affecting the
interactions between vehicles. Development of such systems must be based upon data derived
from actual wireless vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I) communica-
tions in real world applications. There are many applications in ITS which are being developed
based upon vehicle to vehicle and vehicle to infrastructure communication [3]: vehicle track-
ing, collision avoidance, controller design and cooperative driving challenges. Understanding
of how these interactions affect, for example on speed profile of vehicles, flow or travel time is
also necessary to create robust systems. Speed profile can be estimated from historical data
through analyzing limited traffic information from fields. For instance, the traffic data, such as
distance, location, etc. from vehicle (agent) could be linked with historical travel speed data.

The cooperative intelligent transport system (C-ITS) have recently received a lot of atten-
tion. A cooperative behaviour includes two or more actors working towards a common or
mutually beneficial goal, purpose, or benefit; enabled by interaction and information exchange
between the actors [4]. Cooperative behaviour involves actions such as exchange of system
state information, interaction about intentions, planned behaviours, etc. Typical goals within
the transport system context are, the improvement of safety and increased transport efficiency.

In [5], a set of vehicles is connected via wireless communication with the infrastructure to
exchange information related to the road segment along which the vehicle is traveling, the goal
being to increase road safety. Within C-ITS, information is shared between many actors such
as vehicles, infrastructures, cloud services, etc. However, only sharing information is not
enough to be considered a C-ITS, cooperation and interaction between the actors in the system
is also required [4].

Accurate prediction of traffic information is important in many applications in Intelligent
Transport systems in order to reduce the uncertainty of the future traffic states, improve traffic
mobility, providing the driver with a realistic estimation of travel times and expected delays,
and alternative routes to the destinations or to improve. There are many research in traffic
information predictions such as speed, flow and travel time [6–10]. In order to fulfill the driv-
ing performance requirements and ensuring operational safety in an electric vehicle, energy
storage estimation model is of great significance for battery electric vehicles [11–13].

Variable or feature selection have become the focus of much research in areas of application
for which datasets with tens or hundreds of thousands of variables are available. The variable
selection, includes a number of ways to discover a subset of the total recorded parameters that
show good capability of prediction. The objectives of variable selection are: improving the pre-
diction performance of the predictors, providing faster and more cost-effective predictors and
providing a better understanding of the underlying process that generated the data [14]. A
more advanced approach considered the variable selection problem using artificial neural net-
works [15–18], ANFIS [19], genetic algorithms [20–21], a principal component analysis [22]or
experimentally investigated through the well-adopted Electrochemical Impedance Spectros-
copy (EIS) technique [23].

This paper focus on constructing and selecting subsets of features that are useful to build a
good speed predictor in Intelligent Transport systems. The Adaptive neuro-fuzzy Inference
Technique (ANFIS) was applied to the resulting data to select the most influential parameters
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affecting the Vehicle agent speed relative to Vehicle intruder prediction. The ANFIS network
was used to perform a variable search and thereafter, it was used to examine how9 parameters
(Intruder Front sensors active (boolean), Intruder Rear sensors active (boolean), Agent Front
sensors active (boolean), Agent Rear sensors active (boolean), RSSI signal intensity/strength
(integer), Elapsed time (in seconds), Distance between Agent and Intruder (m), Angle of Agent
relative to Intruder (angle between vehicles °), Altitude difference between Agent and Intruder
(m)) influence prediction of agent speed relative to intruder.

The rest of this paper is organized as follows. Section II describes the used methodology. In
Section III results of ANFIS based variables selection for Vehicle agent speed relative to Vehicle
intruder prediction are presented to demonstrate the effectiveness of the proposed approach.
Finally, Section IV gives the main concluding remarks of the paper.

Methodology

Variable selection techniques
To build a system with the best characteristics, it is necessary to identify the most relevant and
influential subset of parameters and subject these to analysis. This process of selection is usually
called variable selection. In a typical prediction task, there may be a large number of candidate
variables available that could be used for building an automatic predictor [24]. If this number
of candidate variables is denoted with n, the variable selection problem is defined as selecting
d< n variables (the optimal subset of variables), that allow the construction of the best predic-
tor. There can be many reasons for selecting only a subset of the variables: it is cheaper to mea-
sure only d variables; prediction accuracy might be improved through exclusion of irrelevant
variables; the predictor to be built is usually simpler and potentially faster when less input vari-
ables are used; knowing which variables are relevant can give insight into the nature of the pre-
diction problem.

Many heuristic algorithms have been proposed for the variable selection problem. Sequen-
tial Search (SS) is a meta-heuristic method aimed at finding optimal subsets of variables for a
specified model size [25]. The basic idea is to replace each variable at a time with all the remain-
ing ones and see whether a better model is obtained. An alternative approach to the variable
selection problem is via the utilization of a genetic algorithm (GAs) [26]. The method is a gen-
eral one that can be applied in a wide variety of domains [21]. Differently from GA, Particle
Swarm Optimization (PSO) method don't compete but cooperate in order to find the optimal
solution. PSO was initially thought as an optimization method and was only later modified in
order to be specifically applied to variable selection [27].

One of the most important issues in using neural networks for the analysis of real-world
problems is the input variable selection problem [28]. Neural networks are an architecture
which is made up of extremely parallel adaptive processing elements. These are interconnected
through structured networks. Therefore, the accuracy of the neural network models which are
created as a result of this data rely heavily on the accuracy of the chosen sensor data in the
representation of the system. Artificial Neural network (ANN)has been extensively used to
model complex nonlinear dynamic systems, which can be emulated by feeding a measured
database into the configured network to train the ANN neurons until either an acceptable pre-
cision or the maximum iteration number is reached. Although an ANN is often trained using
limited experimental data, it possesses an inherent ability to identify and respond to patterns
that are not the same as the ones with which it was trained. A well-trained ANN can be resilient
to highly uncertain and even noise-perturbed input data while still generating accurate outputs.
To achieve a successful generation and creation of a model which is capable to estimate a
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special process output, the selection process of the subset of parameters that are really pertinent
is crucial. This is achieved in the process of variable selection.

Amongst the many neural network system, one of the most used and powerful is the
ANFIS; and the ANFIS was employed here, for the purposes of this study, in the variable selec-
tion part [29]. ANFIS, a hybrid intelligent system that increases the capability of learning and
adapting automatically has been used by researchers for many different purposes [30–35].
There are many advantages in the use of the ANFIS scheme. Some of the main advantages are:
it is adaptable to optimization and adaptive methods, as well as being computationally efficient.
ANFIS can be integrated with professional systems and rough sets for use in other applications.
And here is yet another favorable aspect of ANFIS, it conducts the tedious job of training mem-
bership functions.

In order to determine how the a few main parameters affect the vehicle agent speed relative
to vehicle intruder, a parameter search by employing the ANFIS was conducted.

Variable selection using ANFIS
Generating predetermined input-output subsets requires the construction of a set of fuzzy ‘IF
THEN’ rules with the suitable MFs(membership function). The ANFIS can serve as the foun-
dation for such a construction. The input-output data are converted membership functions. In
accordance to the collection of input-output data, the ANFIS takes the initial FIS and adjusts it
through a back propagation algorithm. The FIS is comprised of three components, (1) a rule
base, (2) a database and (3) a reasoning mechanism. The rule base consists of a choice of fuzzy
rules. The database assigns the MFs which are employed in the fuzzy rules. Finally, the last
component is the reasoning mechanism and it infers from the rules and input data to come to
a feasible outcome. These intelligent systems are a combination of knowledge, methods and
techniques from a variety of different sources. They adjust to perform better in environments
which are changing. These systems have similar-human intelligence within a specific domain.
The ANFIS recognizes patterns and assists in the revision of environments. FIS integrates
human comprehension, does interfacing, and makes decisions.

FIS in MATLAB is employed in the whole process of the FIS training and evaluation. An
ANFIS network for 2 input variables is the most influential parameters on the vehicle agent
speed relative to vehicle intruder prediction. This is depicted in Fig 1.

Fig 1. ANFIS structure.

doi:10.1371/journal.pone.0155697.g001
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The fuzzy IF-THEN rules of Takagi and Sugeno’s class and two inputs for the first-order
Sugeno is employed for the purposes of this study:

if x is A and y is C then f1 ¼ p1x þ q1y þ r1 ð1Þ

The 1stlayer is made up of input parameters MFs, and it provides the input values to the
following layer. Each node here is considered an adaptive node having a node function
O = μAB(x) and O = μCD(x) where μAB(x) and μCD(x) are membership functions. Bell-shaped
membership functions having themaximum value (1.0) and the minimum value (0.0) arese-
lected, such as,

mðxÞ ¼ bellðx; ai; bi; ci; diÞ ¼
1

1þ x�ci
ai

� �2
� �bi

ð2Þ

where {ai, bi, ci, di} is the set of parameters set. The parameters of this layer are designated as
premise parameters. Here, x and y are the inputs to nodes. They represent a combined version
of the two most impactful variableson the vehicle agent speed relative to vehicle intruder
prediction.

The membership layer is the second layer. It looks for the weights of every membership
function. This layer gets the receiving signals from the preceding layer and then it acts as mem-
bership function to the representation of the fuzzy sets of each input variable, respectively. Sec-
ond layer nodes are non-adaptive.The layer acts as a multiplier for the receiving signals and
sends out the oucomein wi = μAB(x) � μCD(y) form. Every output nodeexhibits the firing
strength of a rule.

The next layer, the third, is known as the rule layer. All neurons here act as the pre-condi-
tion matching the fuzzy rules. Each rule’s activation level is calculated whereby the number of
fuzzy rules is equal to the quantity of layers. Every node computes the normalized weights. The
nodes in the 3rd layer are also considered non-adaptive.each of the node computes the value
ofthe rule’s firing strength over thesum of all rules’ firing strengths in the form of w�

i ¼ wi
w1þw2

,

i = 1, 2. The outcomes are refered to as the normalized firing strengths.
The 4thlayer is responsible for providing the output values as a result of the inference of

rules. This layer is also known as the defuzzification layer. Every 4th layer node is an adaptive
node having the node function O4

i ¼ w�
i xf ¼ w�

i ðpix þ qiy þ riÞ. In this layer, the {pi, qi, r} is
the variable set. The variable setis designated as the consequent parameters.

The 5th and final layer is known as the output layer. It adds up all the receiving inputs from
the preceding layer. Thereafter, it converts the fuzzy classification outcomes into a binary
(crisp). The single node of the5th layer is considered non-adaptive. This node calculates the
total output as the wholesum of all receiving signals,

O5
i ¼

X
i
w�

i xf ¼
X

i
wifX
i
wi

ð3Þ

In the process of identification of variables in the ANFIS architectures, the hybrid learning
algorithms were applied. The functional signals progress until the 4th layer whereby the hybrid
learning algorithm passes. Further, the consequent variables are found by the least squares esti-
mation. In the backward pass, the error rates circulate backwards and the premise variables are
sychornized through the gradient decline order.
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Experimental Work

Data collection
We used data from a detailed Warrigal dataset, presented in paper [3]. This rich dataset,
derived from the interactions of large trucks and smaller 4WD vehicles in an industrial setting,
and was collected by a fleet of 13 vehicles operating in a large quarry-type environment during
a period of 3 years. The data span a period of 3 years with a resolution of 1 hertz. Due to its
size, the dataset is divided into daily periods. Peer-to-peer communication between vehicles is
effected on two frequencies to improve redundancy through the complementary properties of
each frequency. All vehicles communicate on 2.4 GHz and 433 MHz. Light vehicles are fitted
with a single 2.4 GHz antenna and a single 433 MHz antenna. Heavy vehicles are fitted with a
single 2.4 GHz antenna at the front of the vehicle and a pair of 433 MHz antennas, one
mounted at the front and the other at the rear.

Warrigal dataset contains vehicle state information, vehicle-to-vehicle communications and
road maps at high temporal resolution for large numbers of interacting vehicles over a long
time. Analyzing of interactions number between agent-intruder pairs, we selected 4 pairs from
top list (Vehicle agent, Vehicle Intruder: (48, 74); (48,47); (48,52) and (48,42), Table 1) and
make dataset with 300–400 samples for each pair in both directions.

Input and output variables
Selected input and output parameters for variable selection analysis are presented on Fig 2.

Table 2 shows the 9 input parameters selected for analysis(Intruder Front sensors active
(boolean), Intruder Rear sensors active (boolean), Agent Front sensors active (boolean), Agent
Rear sensors active (boolean), RSSI signal intensity/strength (integer), Elapsed time (in sec-
onds), Distance between Agent and Intruder (m), Angle of Agent relative to Intruder (angle
between vehicles °), Altitude difference between Agent and Intruder (m)). These parameters
are considered potentially influential on agent speed relative to intruder in Table 3.

Results and Discussion
As mentioned before, the purpose of this procedure is to find a subset of the total set of param-
eters that have been recorded to show good capability of prediction. The problems faced in the
process of the selection of parameters could possibly be resolved by integrating and applying

Table 1. Number of interactions between different vehicles pairs (agent, intruder).

Vehicle agent ID Vehicle intruder ID Number of interactions

48 74 65301

74 48 61745

48 47 38590

47 48 35824

48 52 37834

52 48 37375

48 42 37177

42 48 33569

. . . . . . . . .

75 50 10451

47 51 2990

48 75 111

doi:10.1371/journal.pone.0155697.t001
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prior knowledge to segregate and remove parameters that are irrelevant. The objective here is
to select the proper explanatory (input) parameters and thereby reduce and minimize the error
that exists between the observed values and the model estimations of the explained variables.

A comprehensive search was performed from the given inputs in order to choose the set of
the ultimate optimal combination inputs, Table 2 which has the most impact and influence on
the output parameter (vehicle agent speed relative to vehicle intruder prediction), Table 3. Basi-
cally, an ANFIS model is built by the functions for each combination and they are then respec-
tively trained for single epoch. Subsequently, the achieved performance is reported. From the
outset, the most impactful input in the prediction of the output was identified and determined,
as depicted in Table 4. The input variables with the smaller training error have the most rele-
vance in regards to the outcome.

Fig 2. Selected input and output parameters for analysis.

doi:10.1371/journal.pone.0155697.g002

Table 2. Input parameters.

Input Parameters description

1 Intruder Front sensors active (boolean)

2 Intruder Front sensors active (boolean)

3 Agent Front sensors active (boolean)

4 Agent Rear sensors active (boolean)

5 RSSI signal intensity/strength (integer)

6 Elapsed time (in seconds)

7 Distance between Agent and Intruder (m)

8 Angle of Agent relative to Intruder (angle between vehicles °)

9 Altitude difference between Agent and Intruder (m)

doi:10.1371/journal.pone.0155697.t002

Table 3. Output parameters.

Output Parameters description

1 Vehicle agent speed relative to Vehicle intruder

doi:10.1371/journal.pone.0155697.t003
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As it can be clearly seen from the results depicted in Table 4, the input variables 7 and 8 is
the most influential for the vehicle agent speed relative to vehicle intruder prediction. The fact
that both the checking errors and training are comparable is an indirect indication that sug-
gests that there is no over fitting. This means that the selection of more than one input parame-
ter in the construction of the ANFIS model can be explored. For the verification purposes, a
look at the best integration of 2 receiving parameters can be conducted. The results listed in
Table 5 show the optimal combinations of two input attributes for the prediction of the vehicle
agent speed relative to vehicle intruder. Two optimal two inputs parameters can be then
extracted for further analyzing.

To enable the ANFIS to find the right inputs quickly, the used function for all variables only
trains each one for a single epoch. Once the inputs are fixed, the 100 epochs that are the quan-
tity of epoch on ANFIS training can then be increased. Further, error curves for these 100
epochs of training and checking for two extracted input parameters.

The graph of the model for the ANFIS input-output (decision) surface for prediction of the
vehicle agent speed relative to vehicle intruder prediction is a monotonic non-linear surface as
shown in Fig 3. The figure below also shows the response of ANFIS model for the varying
selected input parameters 7 and 8.

Table 4. Every input parameter’s influence on vehicle agent speed relative to vehicle intruder
prediction.

Influences of selected input parameters on
output prediction

Influences of selected input parameters on
output prediction

1stsample 2ndsample

ANFIS model 7: in7 -->trn = 2.5132, chk = 2.6776 ANFIS model 7: in7 -->trn = 1.6329, chk = 3.7887

3rdsample 4thsample

ANFIS model 7: in7 -->trn = 2.1854, chk = 2.3523 ANFIS model 7: in7 -->trn = 1.9938, chk = 2.1650

5thsample 6thsample

ANFIS model 8: in8 -->trn = 2.7524, chk = 2.7489 ANFIS model 8: in8 -->trn = 1.9759, chk = 2.1625

7thsample 8th sample

ANFIS model 8: in8 -->trn = 2.5803, chk = 3.0961 ANFIS model 8: in8 -->trn = 1.9926, chk = 2.4791

doi:10.1371/journal.pone.0155697.t004

Table 5. Combinations of two input parameters for vehicleagent speed relative to vehicle intruder
prediction.

Influences of selected combinations of input
parameters on output prediction

Influences of selected combinations of input
parameters on output prediction

1stsample 2ndsample

ANFIS model 34: in7 in8 -->trn = 2.1454,
chk = 2.6909

ANFIS model 31: in6 in7 -->trn = 1.3513,
chk = 136.6236

3rdsample 4thsample

ANFIS model 34: in7 in8 -->trn = 1.7905,
chk = 9.9407

ANFIS model 28: in5 in7 -->trn = 1.6388,
chk = 2.7641

5thsample 6th sample

ANFIS model 34: in7 in8 -->trn = 2.2627,
chk = 3.3060

ANFIS model 34: in7 in8 -->trn = 1.6528,
chk = 5.4500

7thsample 8thsample

ANFIS model 34: in7 in8 -->trn = 2.2725,
chk = 2.8984

ANFIS model 34: in7 in8 -->trn = 1.8243,
chk = 2.3537

doi:10.1371/journal.pone.0155697.t005
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Conclusion
The recent developments in variable selection have addressed the problem of improving the
performance of predictors. They have met the challenge of operating on input spaces of several
thousand variables. There can be drawbacks in the inclusion of many input variables. Some of
the drawbacks would include the difficulty in explaining the model, distractions and inaccura-
cies caused by irrelevant parameters, which consequently deteriorates the generalization capac-
ity of the model, thus making data collecting more time-costly. However, methods that permit
the reduction of the number of input variables can be figured out. If they reduce the model
complexity, they are very useful. They incorporate better predictions and insights in the rele-
vance of the variables.

The task of training an ANN and GA becomes more difficult in the case of real-world appli-
cations. Using varibale selection with ANFIS, with hybrid learning method, the training algo-
rithm may determine a near-global optimum error, which decreases to the computational
burden of model development.

The study carried out a systematic approach to select the most dominant parameters to pre-
dict the vehicle agent speed relative to vehicle intruder by the ANFIS methodology. The ANFIS
network was used to determine how 9 parameters (Intruder Front sensors active (boolean),
Intruder Rear sensors active (boolean), Agent Front sensors active (boolean), Agent Rear sen-
sors active (boolean), RSSI signal intensity/strength (integer), Elapsed time (in seconds), Dis-
tance between Agent and Intruder (m), Angle of Agent relative to Intruder (angle between
vehicles °), Altitude difference between Agent and Intruder (m)) influence prediction of agent
speed relative to intruder. The results indicated that distance between Agent and Intruder (m)
and angle of agent relative to Intruder (angle between vehicles °) is the most influential parame-
ters to agent speed relative to intruder. The simulations also employed MATLAB, and out-
comes were checked on the corresponding output blocks.

Fig 3. ANFIS decision surfaces for vehicle agent speed relative to vehicle intruder prediction for two
selected parameters 7 (Distance between vehicles) and 8 (Relative Angle between vehicles).

doi:10.1371/journal.pone.0155697.g003

Vehicle Agent Speed Relative to Vehicle Intruder

PLOS ONE | DOI:10.1371/journal.pone.0155697 May 24, 2016 9 / 12



Supporting Information
S1 File. Supporting Information file rssi4874X.
(XLSX)

S2 File. Supporting Information file rssi5248X.
(XLSX)

S3 File. Supporting Information file rssi7448X.
(XLSX)

S4 File. Supporting Information file rssi4248X.
(XLSX)

S5 File. Supporting Information file rssi4748X.
(XLSX)

S6 File. Supporting Information file rssi4842X.
(XLSX)

S7 File. Supporting Information file rssi4847X.
(XLSX)

S8 File. Supporting Information file rssi4852X.
(XLSX)

S1 Table. Number of interactions between different vehicles pairs (agent, intruder).
(DOCX)

S2 Table. Input parameters.
(DOCX)

S3 Table. Output parameters.
(DOCX)

S4 Table. Every input parameter’s influence on vehicle agent speed relative to vehicle
intruder prediction.
(DOCX)

S5 Table. Combinations of two input parameters for vehicleagent speed relative to vehicle
intruder prediction.
(DOCX)

Author Contributions
Conceived and designed the experiments: SS LB-M IB SK AWBAW. Performed the experi-
ments: SS LB-M IB SK AWBAW. Analyzed the data: SS LB-M IB SK AWBAW. Contributed
reagents/materials/analysis tools: SS LB-M IB SK AWBAW. Wrote the paper: SS LB-M IB SK
AWBAW. Did analysis: SS LB-M. Did measurements: SK. Did simulations: IB AWBAW.

References
1. Sang C, Suh U, Tanik J, Carbone JN, Eroglu A, editors. Applied Cyber-Physical Systems, Springer;

2014.

2. Song Z, Chen YQ, Sastry CR, Tas NC. Optimal Observation for Cyber-physical Systems, Springer;
2009.

3. Ward J, Worrall S, Agamennoni G, Nebot E. TheWarrigal Dataset: Multi-Vehicle Trajectories and V2V
Communications. IEEE Intelligent Transportation Systems magazine. 2014.

Vehicle Agent Speed Relative to Vehicle Intruder

PLOS ONE | DOI:10.1371/journal.pone.0155697 May 24, 2016 10 / 12

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0155697.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0155697.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0155697.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0155697.s004
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0155697.s005
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0155697.s006
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0155697.s007
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0155697.s008
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0155697.s009
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0155697.s010
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0155697.s011
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0155697.s012
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0155697.s013


4. Aramrattana M, Larsson T, Jansson J, Englund C. Dimensions of Cooperative Driving, ITS and Auto-
mation. IEEE Intelligent Vehicles Symposium (IV), Korea, 2015.

5. Piao J, McDonald M. Safety impacts of variable speed limits—A simulation study, Proc. IEEE 11th
Conf. Intell. Transp. Syst., Beijing, China. 2008; 833–837

6. Dia H. An object-oriented neural network approach to short-term traffic forecasting, Eur. J. Oper. Res.,
Vol. 131, No. 2, 2001; 253–26.

7. Lee E, Kim J, YoonW. Traffic speed prediction under weekday, time, and neighboring links’ speed:
Back propagation neural network approach. In- Lecture Notes in Computer Science. Berlin, Germany.
Springer-Verlag; 2007. pp. 626–635.

8. Park J, Murphey YL, Kristinsson JG, McGee R, Kuang ML, Phillips T. Real time vehicle speed predic-
tion using a neural network traffic model. In- Proc. IEEE IJCNN. 2011; 2991–2996.

9. Park J, Murphey YL, McGee R, Kristinsson JG, Kuang ML, Phillips AM. Intelligent Trip Modeling for the
Prediction of an Origin–Destination Traveling Speed Profile. IEEE Transactions on Intelligent Transpor-
tation Systems. Vol. 15. 2014.

10. Bosankic I, Banjanovic-Mehmedovic L, Mehmedovic F. Speed Profile Prediction in Intelligent Transport
Systems Exemplified by Vehicle to Vehicle Interactions. Cybernetics and Information Technologies.
Volume 15. No 5. Special Issue on Control in Transportation Systems. 2015.

11. Hu X, Li S, Yang Y. Advanced Machine Learning Approach for Lithium-Ion Battery State Estimation in
Electric Vehicles. IEEE Transactions on Transportation Electrification. Volume: PP. Issue: 99. 2015.

12. Sun F, Hu X, Zou Y, Li S. Adaptive unscented Kalman filtering for state of charge estimation of a lith-
ium-ion battery for electric vehicles. Energy. Volume 36. Issue 5. 2011; 3531–3540.

13. Lei Z, Wang Z, Hu X, Dorrell DG. Residual capacity estimation for ultracapacitors in electric vehicles
using artificial neural network. 19th IFACWorld Congress on International Federation of Automatic
Control. IFAC 2014. Vol. 19.2014; 3899–3904.

14. Guyon I, Elisseeff A. An Introduction to Variable and Feature Selection. Journal of Machine Learning
Research 3. 2003; 1157–1182.

15. Castellano G, Fanelli AM. Variable selection using neural-network models. Neurocomputing. 2000;
31:1–13.

16. Dieterle F, Busche S, Gauglitz G. Growing neural networks for a multivariate calibration and variable
selection of time-resolved measurements. Analytica Chimica Acta 490. 2003; 71–83.

17. Cibas T, Soulie FF, Gallinari P, Raudys S. Variable selection with neural networks. Neurocomputing
12. 1996; 223–248.

18. Anderson FO, Aberg M, Jacobsson SP. Algorithmic approaches for studies of variable influence, contri-
bution and selection in neural networks. Chemometrics and Intelligent Laboratory Systems 2000; 51
61–72.

19. Basser H, Shamshirband S, Karami H, Petkovic D, Akib S, Jahangirzadeh A. Adaptive neuro-fuzzy
selection of the optimal parameters of protective spur dike, Natural Hazards. 2014; 73(3): 1439–1449.

20. Donald AS. Using Genetic Algorithm Based Variable Selection to Improve Neural Network Models for
Real-World Systems. Proceedings of the 2002 International Conference on Machine Learning and
Applications 16–19. 2002.

21. Zhang Z, Wang Z, Hu X, Sun F, Dorrell DG. A comparative study of equivalent circuit models of ultraca-
pacitors for electric vehicles. Journal of Power Sources. 2015; Volume 274:899–906.

22. Jiang Q, Yan X, Huang B. Performance-Driven Distributed PCA Process Monitoring Based on Fault-
Relevant Variable Selection and Bayesian Inference. IEEE Transactions on Industrial Electronics.
2015.

23. Zhang L, Hu X, Wang Z, Sun F, Dorrell DG. Experimental impedance investigation of an ultracapacitor
at different conditions for electric vehicle applications. 2015. Volume 287: 129–138.

24. Reunanen J. Overfitting in Making Comparisons Between Variable Selection Methods. Journal of
Machine Learning Research 3. 2003. 1371–1382.

25. Miller A. Subset selection in regression. 2nd edition. Chapman & Hall/CRC; 2002.

26. Leardi R. Nature-inspired Methods in Chemometrics: Genetic Algorithms and Artificial Neural Net-
works. Data Handling in Science and Tecnology; 2003.

27. Shen Q, Jiang JH, Jiao CH, Shen GL, Yu RQ. Modified particle swarm optimization algorithm for vari-
able selection in MLR and PLSmodeling: QSAR studies of antagonism of angiotensin II antagonists.
European Journal of Pharmaceutical Sciences 2004; 22: 145–152. PMID: 15158899

28. Giordano F, Rocca ML, Perna C. Input Variable Selection in Neural Network Models, Communications
in Statistics—Theory and Methods. 2014; Volume 43. Issue 4 735–750.

Vehicle Agent Speed Relative to Vehicle Intruder

PLOS ONE | DOI:10.1371/journal.pone.0155697 May 24, 2016 11 / 12

http://www.ncbi.nlm.nih.gov/pubmed/15158899


29. Kwong CK, Wong TC, Chan KY. A methodology of generating customer satisfaction models for new
product development using a neuro-fuzzy approach. Expert Syst. Appl. 2009; 36(8): 11262–11270.

30. Jang J-SR. ANFIS: Adaptive-Network-based Fuzzy Inference Systems. IEEE Trans. On Systems,
Man, and Cybernetics. 1993; Vol.23: 665–685.

31. Ghandoor AA, Samhouri M. Electricity Consumption in the Industrial Sector of Jordan: Application of
Multivariate Linear Regression and Adaptive Neuro-Fuzzy Techniques, Jordan. Journal of Mechanical
and Industrial Engineering 3:1. 2009. 69–76.

32. Singh R, Kianthola A, Singh TN. Estimation of elastic constant of rocks using an ANFIS approach.
Applied Soft Computing. 12. 2012; 12: 40–45.

33. Petković D, Issa M, Pavlović ND, Pavlović NT, Zentner L. Adaptive neuro-fuzzy estimation of conduc-
tive silicone rubber mechanical properties. Expert Systems with Applications. ISSN 0957-4174, 2012.
39 9477–9482.

34. Petković D, Ćojbašić Ž. Adaptive neuro-fuzzy estimation of automatic nervous system parameters
effect on heart rate variability. Neural Computing & Application. doi: 10.1007/s00521-011-0629-z,
Online First, 2011.

35. Hosoz M, Ertunc HM, Bulgurcu H. An adaptive neuro-fuzzy inference systemmodel for predicting the
performance of a refrigeration system with a cooling tower. Expert Systems with Applications. 2011;
38: 14148–14155.

Vehicle Agent Speed Relative to Vehicle Intruder

PLOS ONE | DOI:10.1371/journal.pone.0155697 May 24, 2016 12 / 12

http://dx.doi.org/10.1007/s00521-011-0629-z

