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Abstract—With energy scarcity and environmental pollu-
tion becoming increasingly serious, the accurate estimation
of fuel consumption of vehicles has been important in vehi-
cle management and transportation planning toward a sus-
tainable green transition. Fuel consumption is calculated
by fuel-level data collected from high-precision fuel-level
sensors. However, in the vehicle monitor platform, there
are many types of error in the data collection and trans-
mission processes, such as the noise, interference, and
collision errors that are common in the high speed and
dynamic vehicle environment. In this paper, an effective
method for cleaning and repairing the fuel-level data is pro-
posed, which adopts the threshold to acquire abnormal fuel
data, the time quantum to identify abnormal data, and linear
interpolation based algorithm to correct data errors. Specif-
ically, a modified Gaussian mixture model (GMM) based on
the synchronous iteration method is proposed to acquire
the thresholds, which uses the particle swarm optimization
algorithm and the steepest descent algorithm to opti-
mize the parameters of GMM. The experiment results
based on the fuel-level data of vehicles collected over one
month prove that the modified GMM is superior to GMM-
expectation maximization on fuel-level data, and the pro-
posed method is effective for cleaning and repairing outliers
of fuel-level data.

Index Terms—Data cleaning, fuel-level sensor, Gaussian
mixture model, particle swarm optimization.
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|. INTRODUCTION

ITH the development of the intelligent transportation
W system and internet of vehicle (IOV), vehicle monitor
platform and the data play an important role in the modern traf-
fic system and are becoming easy to access through information
and communication system designs with a collection of sen-
sors, transmission of wireless vehicular networks, and storage
in remote databases. Vehicle data in this paper are a set of multi-
dimensional data including speed, GPS coordinates, fuel level,
steering angle, and other real-time status data collected from
vehicles. With the rising fuel prices, business owners have paid
increasing attention on these events during the driving process.
On the other hand, with the increasing importance of energy
conservation and environmental protection, accurate estimation
of fuel consumption in vehicle data has become a decisive fac-
tor for traffic management and vehicle navigation, especially in
routing optimization problems. To obtain an optimal route, not
only travel time should be considered, but also other factors such
as fuel consumption and emission. Peng and Wang [1] proposed
that the optimal vehicle routing schedule to minimize fuel con-
sumption is probably different from the one to minimize travel
distance. Ahn et al. [2] presented several hybrid regression mod-
els for estimating vehicle fuel consumption and emissions based
on the instantaneous speed and acceleration levels of light-duty
vehicles and light-duty trucks.

However, there are several types of error during the process
of fuel-level data acquisition. The reasons causing outliers in
fuel-level data can be divided into four kinds.

1) Refueling: It will cause the fuel level to increase rapidly.

2) Fuel spilling or gasoline theft: It will cause the fuel level
to decrease rapidly.

3) Errors of fuel-level sensor or wireless vehicular network
transmission: It will cause the fuel level to fluctuate
anomalously.

4) The large shake of vehicle: It will cause fuel level fluctu-
ation.

Due to the fluctuation of vehicles and precision of fuel-level
sensors, there are many errors in collected original data by fuel-
level sensors. During the transmission and storage of fuel-level
data, stability of wireless vehicular networks and availability
of data transformation for storage also cause errors in fuel-level
data. The quality of fuel-level data is affected not only by the
precision of fuel-level sensors, but also by the quality of trans-
mission networks. There are existing literature discussing the
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improvement of the precision of fuel-level sensors [3] and the
quality of transit networks [4]. Nevertheless, the challenges to
cause errors or missing data remains when the fuel-level data is
collected by fuel-level sensors, transmitted in wireless vehicular
networks and stored in remote databases. Data cleaning is nec-
essary before analyzing the data collected at the database [5].
In the process of cleaning and repairing the fuel-level data, the
former two types of abnormal data are caused by human behav-
ior. The first one can be identified, captured, and then repaired
after the process, while the second one should be identified and
captured for human interpretation. The latter two are the noisy
data, which should be cleaned and repaired during the process.
To separate the former two from the latter two, threshold of av-
erage fuel consumption per minute and fuel charge are proposed
in this paper.

The acquisition of fuel-level data is usually combined with
other attributes of vehicle data, such as velocity and GPS coordi-
nates. There are also many errors in these vehicle data and many
literatures have paid attention to data processing of inaccurate
velocity [6] and GPS coordinates data [7]. But there are very
few studies of processing fuel-level data after they are stored
in remote databases for accurate fuel consumption data [8]. In
fact, because high-precision fuel-level sensors are very expen-
sive, the fuel-level sensors installed on most vehicles produce
much noise. Hence, there are some existing filtering method for
fuel-level data used in vehicle electronic system, e.g., wavelet
transform [9], which is applied for direct signal from the fuel-
level sensor to estimate fuel consumption. But the source of
its noise is less than the data in remote databases, such as the
error from wireless communication. The sampling frequency is
also much higher than the data in remote databases. Hence, the
existing filtering method is not suitable for the fuel-level data
at the background of IOV. To ensure the quality of fuel-level
data, a method for cleaning and repairing the fuel-level data
is proposed in this paper. It can identify the abnormal data by
a modified Gaussian mixture model (GMM), and correct error
data by a specific method based on linear interpolation.

The remainder of this paper is organized as follows. In
Section II, the vehicle data related work is presented. The fuel
data cleaning and repairing model is proposed in Section III. In
Section IV, the effects of the model are discussed based on the
smoothing spline and the comparative analysis. The concluding
remarks are given in the final section.

Il. RELATED WORK

Vehicle data, which is collected by sensors, transmitted
through wireless vehicular networks and stored in remote
databases, is fundamental for traffic management, establish-
ment of traffic systems, and vehicle navigation. To acquire
more accurate vehicle data, many scholars have studied meth-
ods to process and rectify noise of the original data in databases.
Lazarus et al. [10] proposed a vehicle localization method with
sensors data fusion algorithm, which combined the extended
Kalman filter, interval analysis, and covariance intersection.
Zhang et al. [11] adopted a Kalman filter arithmetic to im-
prove vehicle GPS data accuracy. Data fusion based on dead

reckoning was proposed to deal with inaccurate vehicle posi-
tion data due to the low accuracy of sensors and low calculating
capability. Zhang et al. [6] proposed a method for cleaning
incorrect probe vehicle data by a 30 rule method and principal
component reconstruction. Cubic spline interpolation method
was used in [12] to correct the singular signal in the vehicle
driving data such as vehicle speed, time, and position.

Although methods for accurate vehicle data such as position
and velocity has been widely studied, very few studies have
investigated the accuracy of vehicle fuel-level data. With the in-
creasing importance of energy conservation and environmental
protection, the fuel consumption data has become a decisive fac-
tor for traffic management and vehicle navigation. Zhao et al. [8]
proposed a method to analyze and process the outlier data of fuel
consumption data. The threshold of detecting fuel consumption
is known, and the situation of appearing continuous-time abnor-
mal fuel level is not considered in this method. Some filtering
methods such as Kalman filter, fast Fourier transform and dis-
crete wavelet transform (DWT) [13] have been widely used in
denoising and outlier detection on sensor data. DWT has been
developed rapidly in recent decades and has obvious advan-
tage on temporal resolution [14]. But these filtering methods
are applied for direct signal from the fuel-level sensor, where
the source of its noise is less than the data in remote databases
and the sampling frequency is also much higher. Hence, the ex-
isting filtering method is not suitable for the fuel-level data at the
background of IOV. In this paper, a model for cleaning and re-
pairing fuel-level data is proposed to acquire accurate fuel-level
data.

Outlier detection (also anomaly detection) is an important
part in this model. With the development of computer and com-
munication technology, big data can be sensed, transmitted,
and stored for mining. But there are always some abnormal
data during these processes. Data cleaning is aimed at ensuring
data quality by discovering and correcting the errors or incon-
sistencies in data, including checking data consistency, deal-
ing with invalid and missing values, etc. Outlier detection is a
kind of method for discovering errors or inconsistencies in data.
Statistical-based algorithm is used most widely and traditionally,
which is generally suited to quantitative real data or at the very
least quantitative ordinal data distributions where the ordinal
data can be transformed to suitable numerical values for statis-
tical processing. This limits their applicability and increases the
processing time if complex data transformations are necessary
before processing. Distance-based algorithm [15] has also been
developed for different demands. But for unsupervised learning
mission, cluster-based algorithm [16] is better than traditional
methods due to unnecessary data distribution, which is applied in
outlier detection very successfully and extensively. A clustering-
based data mining algorithm was proposed by Liu ef al. [17] to
solve the outlier data problem. Zhang et al. [18] presented the
outlier detection based on cluster analysis and spatial correla-
tion algorithm to acquire outliers. K-means clustering algorithm
was adopted for outlier detection by dividing the data set into
clusters in [19]. But these methods cannot satisfy the demand
in our case very well, because the accurate notion of outliers is
different for different application domains [20], which means
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a method developed in one domain is usually not suitable for
another.

The GMM is one of the cluster algorithms and it classifies data
by describing them using multiple Gauss distributions. It is usu-
ally used with the expectation maximization (EM) algorithm to
optimize the parameters of the GMM. However, EM algorithm
has been proved to often fall into local optimum when optimiz-
ing the parameters of GMM, which results in poor performance
of GMM. In this paper, a modified GMM with the synchronous
iteration method to optimize the parameters is proposed for out-
lier detection. Optimizing the parameters of GMM is actually
an optimization problem and there are many artificial intelli-
gence algorithms for solving this problem. A series of global
search-based heuristic algorithms have been widely and suc-
cessfully applied for optimization problems, including the ant
colony optimization algorithm (ACO) [21], genetic algorithm
(GA) [22], particle swarm optimization (PSO) algorithm [23],
etc. PSO algorithm is one of the most successful and effective
intelligence algorithms, variants of which and itself have been
widely and successfully applied for optimization problems. PSO
makes few assumptions about the problem being optimized and
does not use the gradient of the problem, which means PSO
does not require that the optimization problem be differentiable
as is required by traditional optimization methods such as gradi-
ent descent. On the other hand, comparing with other heuristic
algorithms like ACO and GA, PSO is of less complexity and
quick constringency speed, but it is more likely to fall into lo-
cal optimum. To eliminate the possibility of falling into local
optimum when turning parameters of GMM by EM algorithm,
the synchronous iteration method based on the PSO algorithm
and the steepest descent algorithm is introduced in the modified
GMM, and the comparison experiment shows the superiority of
the proposed algorithm.

[ll. FUEL-LEVEL DATA CLEANING AND REPAIRING METHOD

In the vehicle monitor platform, there are about 30 000 ve-
hicles and the data of vehicles are sent to database by general
packet radio service message of cellular network. These vehicles
belong to different companies and it is difficult to detect the fuel-
level data for each vehicle by manual work. To complete this
work, machine recognition must be introduced. However, the
inaccurate data have a great influence on machine recognition.
The fuel-level data cleaning and repairing method is adopted
to ensure the data quality for machine recognition. In the ex-
periments, 50 vehicles’ fuel-level data collected in one month
were used for testing the method. Since the data are updated
per minute when the vehicle terminal is online, which is not
consistent, the sample serial number is used as x-axes of figures
in this paper.

A. Pretreatment

For vehicles equipped with sensor and wireless communi-
cation units, fuel-level data are transmitted with other vehicle
properties data to the database with fixed time interval, such as
every minute in this paper. The average fuel consumption data
avgfuel between two continuous time points of fuel-level data

can be calculated as
avgfuel(t) = fl; — fli €))

where fl; is the fuel-level data at time ¢, and fl;_; is the fuel-
level data at the previous time interval. However, due to the
wireless interference, limited fuel-level sensors power and out-
lier from other malicious electric devices, there are a lot of
missing values in the fuel-level data, which leads to no continue
data to calculate the avgfuel. The average fuel consumption data
per minute of each vehicle is within a certain range and the ab-
normal average fuel consumption can be acquired through out-
lier detection. Before analyzing the average fuel consumption,
it is necessary to get the accurate average fuel consumption
data. What is more, the fuel value of rising edges RValue in
the fuel-level data is also calculated in this section to confirm
the threshold of fuel charge. If there are some time points
where positive avgfuel are continuous, time point before the first
time point will be considered as starting time st and the final
time point will be considered as ending time et. If there are no
other time points adjacent to a positive avgfuel, the time point
at the positive avgfuel will be considered as ending time et, and
time point before the time points will be considered as starting
time st. Then, the RValue can be calculated as

RValue(i) = f1, — f1' )

where i means the ith rising edge in fuel-level data; fI1(V),,,
f10) « respectively, represent fuel-level value at time point et, st
of the sth rising edge.

The data collected on each vehicle over a period, such as one
month, can be expressed as a matrix X in

T1 L01 La1 Vi Fuell
T, Lo» La, V>, Fuel,

X=1_ . S . 3
T, Lo, La, V, Fuel,

where T; represents the time point of data recording and Lo;,
La;, V;, Fuel;, respectively, means the longitude, latitude, ve-
locity, and fuel level of the vehicle at time point 7;. n is the
number of data collected in one month. To obtain the accurate
fuel-level data, the whole month should be divided into a lot of
time quanta when the data are collected per minute. It is easy
to be realized by time division, which means that when there
are more than 1 min between two consecutive time points in X,
there should be two periods. Fig. 1 shows the fuel data of one
vehicle in one month. The fuel level of vehicle is valued as zero
at the time of lacking data, and these data are treated as abnor-
mal data in the outlier detection process. Then, in continuous
time quanta, avgfuel can be calculated by the subtraction of two
fuel-level data at two continuous time points and avgfuel at last
time point is defined as zero to avoid affecting other data.

B. Ouitlier Detection Algorithm

To acquire the thresholds of normal fuel consumption and fuel
charge, a modified GMM algorithm aimed at improving GMM-
EM is proposed in this paper to calculate these thresholds. GMM
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Fig. 1. Original fuel-level data. The symbol " represents the missing
data, and the solid line represents the original fuel-level data.

and EM algorithm were first proposed by Middleton [24]. De-
tailed and popular descriptions of the GMM and GMM-EM can
be found in [25]. In GMM, the regularities of unknown dis-
tribution data X is assumed to be expressed by a GMM of &
components, and the theoretical basis is the central limit the-
orem. In this paper, the maximizing log-likelihood function is
used for calculating the parameters of GMM

N k
max(L(X | (mj;p5505)) = Y log | Y mig(ai | (uj305))
i=1 j=1

“4)

which means that an unknown sample data X = z;,¢ =
1,2,3,... can be expressed by a GMM with the parameters
(7, i, 1) obtained by maximizing the Log-likelihood func-
tion. g(x;, pt;,0;) is the jth Gaussian distribution with mean
value yi; and variance o;. m; is the possibility of x; to choose
the jth component, which is the mixing coefficient.

In order to obtain the optimal maximum of Log-likelihood
function, the EM algorithm is usually used to calculate the pa-
rameters of GMM, known as GMM-EM. However, the EM
algorithm usually falls into local optimum and it may acquire
local optimal parameters for GMM. So the modified GMM
based on the synchronous iteration method to improve GMM
is proposed in this paper. The reason for using EM algo-
rithm to optimize parameters is that the Log-likelihood func-
tion is not easy to be derived and the classical mathematic
methods cannot be used for it. However, the Log-likelihood
function is easy to be derived by u; with known o;. The steep-
est descent algorithm is introduced to optimize the parameter
. For o, the maximizing Log-likelihood function is actually
an optimization problem with known ;. PSO algorithm is an
effective intelligence algorithm, which is adopted to optimize
the parameter o in this paper. In each iteration of the modified
GMM, the steepest descent algorithm and the PSO algorithm are
synchronously iterative step. For another parameter 7;, which
could be calculated as the probability of the x; generated by
components j

o T g(Ti |1y, 0
v(i,5) = U( i o) )
Z]':1 mi9(xi [pj,05)

Then, the number N; of x; generated by component j
can be obtained by S, ~(i,), and the coefficient 7; =
SV ~4(4,7)/N, which is the means of the membership val-
ues over the N data points.

From the procedure of GMM with the synchronous iteration
method, we can know that the iterations are actually establishing
GMM and updating parameters (7, pt, o). In fact, it is the same
to the GMM-EM algorithm, but using a new way based on
the PSO algorithm and the steepest descent algorithm to update
parameters p, o separately instead of EM algorithm.

1) Calculating the Optimal o; Based on PSO: PSO algo-
rithm is inspired by the predation behavior of birds. To acquire
an optimal solution of optimization problems, each particle x;, ;
in the k iteration of PSO algorithm flies around the multidimen-
sional search space by vy ;. v; and z; is updated by

Uky1,i = WOk + CLRI (Tphest,i — Thyi) + R (Tgbest — Th.i)

(6)

Thali = Thyi + Vkt1,i @)

where w, ¢y, ¢; are the inertia weight and constriction factors of
PSO algorithm and they are often valued as constant. R, R, are
the random values in [0, 1]. zj ; means the position of the ith
particle in & iteration and vy, ; is the velocity. xppest,; sShows the
present optimal position of the ith particle and sy means the
actual optimal position of the population. The update of et
and x4,¢, depends on the objective function of PSO algorithm.
The mechanism of updating is the core idea of PSO algorithm,
which means that each particle exploring the multidimensional
space is based on its own experience and the experience of
the whole population. When iteration ends or the condition of
acquiring the optimal value is established, the optimal g1,est
and the optimal value of the objective function will be actually
found.

To optimize parameter o, because PSO is usually used for
minimum optimization problem, the negative value of Log-
likelihood function (4) of GMM is defined as the objective
function of PSO algorithm. Parameters o is defined as the
value of particle z; and the interval of (0, c0) is considered as
the multidimensional search space of PSO algorithm. For d-
dimension X, o, is a D? dimension matrix. In order to confirm
that the covariance matrix o is a positive definite symmetric
matrix in iterations, the method proposed in [26] is adopted in
this paper. The cyclic Jacobi eigenvalue decomposition algo-
rithm is used to parameterize the covariance matrix oy, so the
D? dimension o}, can be defined as o, = V' AV. Where A, a
diagonal matrix diag(Ay, A2, ..., Aq), where A; > 0, composes
eigenvalue of o, and V is constituted by corresponding unit
feature vectors (v, v, ..., vq). V can also be calculated by QR
decomposition, which means V' = ()R, where R is a unit matrix
and () is defined as

d—1 d

Q= G(p,q, ¢"1). ®)
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G(p,q,¢*7) is given as a rotation matrix

G(p,q,9™)
1 ... 0 . 0 0
6 COS(;#"'") Sin(:b"’q) 6
) 0 —sin(¢?) cos(¢1) 0
0 0 0 1

©))

The nonzero elements of given rotation matrix G(p, g, ¢*?) are

gk = Lif k# p,q
gp.p = cos(¢"7)
9q.q = cos(¢P1)
Gp.q = sin(¢9)
9q.p = —sin(¢?)

where g; ; is the (¢,j) value in G(p,q,¢"?), and ¢P7 is
in the interval [—7/2,7/2]. Therefore, a covariance ma-
trix with d(d — 1)/2 degree of freedom can be described
with parameters (A1, A2,...,Aq; "%, ..., 9P, ..., ld=Dd),
So the o; of jth component can be parameterized with
()»]1.,)»3,... Ad'¢;'2,...,gbf’q,...,gf);d_l)’d).Aftertheoptimal

b ]7
parameters (A}, A2 ,)»3,1;¢)J1.’2,...,¢];"1, .. .,¢§.d71)’d) is ob-

tained by PSOJ algjorithm, the optimal o is established.

2) Calculating the Optimal ; Based on the Steepest De-
scent Algorithm: For p;, the Log-likelihood function (4) can
be derived by u with parameters 7; and 0. Defining A as the

p(x; | (mj; 1j; 0;), so Log-likelihood function is defined as

(10)

N
L(X | (mj;5505)) = Y log(A). (11)
i=1

Then, the Log-likelihood function derived by p is defined as

oL .1 0A
on, ~ 2o, (12
where
A 1
;Y 2m) P, 112

x expl /2 o ) o gy — ). (13)

For derivable function optimal problems, there are many clas-
sical algorithms like Newton method, steepest descent, and
conjugate gradient method. In this paper, steepest descent algo-
rithm [27] is used for calculating the optimal 1 of Log-likelihood

Algorithm 1: GMM with Synchronous Iteration Method.

procedure GMM parameters (optimal u, o)
initialize ¢;, ¢;, w and swarms(u, o)
while do not meet the end of iteration conditions do >
get the optimal evaluation
for each particle p;, o; of PSO algorithm do
establish GMM;calculate ; for each particle
calculate the fitness function (negative
Log-likelihood function) evaluation of each
particle with y1;, 0;
communicate with others; update pbest s
Jpbest; of each particle
end for
update gbest, fgbest of whole swarms
update v, o of each particle
for each particle p, o; of PSO algorithm do
calculate d; = —V f(u;,0;) where f is the
negative Log-likelihood function.
calculate A by equation (15)
calculate p; = u; + Ad,
end for
end while
return p, o
end procedure

> The optimal evaluation is p, o

function (4). Its iteration equation is as follows:

k+1)

2( — (k) + Akd<k) (14)

where d*) = —V f(2(*)) and A}, are calculated as
F@® 4 2.d®) = min(f () + 1pd™))), 4 > =0. (15)

When || dj; || meets the condition || dj ||< & where € > 0, the
iteration is completed. In this way, the optimal i can be obtained
with the synchronous iteration of PSO algorithm for o.

The procedure of the modified GMM algorithm is presented
in Algorithm 1. For the outlier detection of avgfuel and the
cluster analysis of RValue, deciding the number k of cluster in
the classification by the modified GMM is prerequisite, which is
the most important step. The defined avgfuel(t), which actually
is the fuel-level value at time ¢ minus the fuel-level value at time
t — 1, it can be called the fuel consumption per minute, but does
not mean the real value. Actually, data avgfuel(t) is realfuel(t)
plus noise(t), represented by the following equation:

avgfuel(t) = realfuel(t) + noise(t) (16)

where realfuel(t) represents the real fuel consumption per
minute and noise(¢) signifies the fluctuation. Because the ve-
hicle jolts continually when it is running, the fuel-level data
fluctuate frequently, leading to the difficulty for the fuel-level
sensors to acquire accurate fuel-level value, which means the
defined avgfuel(t) include both many positive and negative val-
ues around zero. In fact, the fluctuation from the movement of
vehicle itself is very small, and it can be treated as normal data.
But large shake can cause large fluctuations of fuel-level data.
What’s more, deviation of network transmission, deviation of
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Fig. 2. Fuel data avgfuel cluster. The circles represent the normal fuel
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storage, refueling, and fuel spilling will cause large fluctuations
of avgfuel. In one word, the absolute value of avgfuel can be
divided into two main categories including normal little fluctu-
ations and abnormal large fluctuations, hence the number & of
clusters is set as 2 in the modified GMM, and one sample result
are presented in Fig. 2.

In Fig. 2, the data marked as circles is the normal data, which
means realfuel combining noise caused by movement of the
vehicle itself, and the data marked as squares is outlier of the data
avgfuel. The threshold 2.5 of normal data can also be obtained
in this way. It means that if avgfuel(¢) is less than —2.5 or more
than 2.5, the fuel consumption avgfuel(t) will be considered
as abnormal fuel consumption. The time points of refueling,
fuel spilling or gasoline theft are included in the abnormal data
abfuel. These detailed description of this threshold is given in
Section III-C.

For cluster analysis of RValue, the histogram of the posterior
probability distribution for RValue is shown in Fig. 3. It can be
found that there are many rising edges in the month data and
RValue is almost zero. To reduce the influence of normal fuel
consumption, RValue, which is less than the threshold of normal
fuel consumption, is cleaned away before cluster analysis. In
fact, RValue may be caused by the fluctuation of vehicles or
the deviation of network transmission, which means RValue
is uncertain and small. For refueling, the RValue will be large
because the vehicle is usually refueled when there is lack of fuel.
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Therefore, to acquire the threshold of fuel charge and remove the
influence of the fluctuation of vehicle, the number & of clusters
in the modified GMM for the cluster analysis of RValue is also
set as 2. The result of clusters is shown in Fig. 4. The threshold
value of fuel charge is 26.3, which means that if the RValue of
a rising edge is higher than the threshold, there may be a time
point of refueling, and if not, there will not be.

C. Classifying Abnormal Time Quantum

If avgfuel(t) is abnormal and avgfuel(¢ — 1) is normal judged
by the threshold of normal fuel consumption, the judgement of
avgfuel(t + 1) based on the fuel-level data at time ¢ is inaccurate,
whatever the fuel-level data at time ¢ + 1 will be, due to the
inaccurate fuel-level data at time ¢. As the results shown in
Fig. 5, there are continuously abnormal data through vision
at the time points of the sixth and seventh symbol *. But if
only outlier detection of fuel level is used, the latter will be
considered as normal data. To solve this problem, the method
of identifying data by time quantum instead of time point is
proposed. It means that the abnormal time quantum, in which
more than one abnormal fuel consumptions are detected by the
GMM with the synchronous iteration method, will be obtained
in this way.

In the pretreatment stage, we can get the continuous time
quantum, and the abnormal data abfuel through outlier detection
of fuel level. So the time length of neighboring data abfuel in
the same continuous time quantum can be calculated as

timelength(¢) = T'(abfuel(t)) — T'(abfuel(t — 1)).  (17)
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The probability distribution of time length p(timelength)
is proposed to detect the data avgfuel between neighboring
abfuels. One sample of the probability distribution of time
length is shown in Fig. 6. It can be found that almost all the
data timelength is small, which means that there are just several
data avgfuel in most time quanta, thus making the influence
of abnormal data prominent. It is also difficult to confirm that
whether the data in a short timelength are normal. In fact, there
are many data timelength, which are equal to 1, meaning many
abnormal data abfuel is adjacent. In the adjacent abnormal data
abfuel, the latter is influenced by the former and there is actu-
ally just an abnormal data. In Fig. 6, the threshold ThrTime = 5
of data timelength is defined as the value of timelength when
p(timelength) = 0.95. If a data timelenth(é) is smaller than
ThrTime, the data avgfuel from the former abfuel to the latter
abfuel will be considered as a time quantum, and the time of the
former data abfuel is considered as the starting point while the
time of the latter data abfuel is considered as the ending point.
The way to judge whether there is a time point of refueling, fuel
spilling or gasoline theft is as follows: first, the Formeravg is
calculated by the average of five data before the starting point;
second, calculate Latteravg by the average of the five data after
the ending point; and finally, compare the Avg-value, which is
equal to (Latteravg — Formeravg) /timelength with fuel thresh-
old of normal fuel-level data, and compare the D-value, which
is equal to Latteravg — Formeravg with the threshold of fuel
charge. Using the Avg-value and D-value to judge whether the
current abnormal time quantum data are in accordance with
the specified threshold of abnormal fuel consumption data. If
the Avg-value does not belong to the fuel threshold of normal
data, there will be a time point of refueling, fuel spilling or
gasoline theft.

One example time quantum is shown in Fig. 7. Because there
are too much data displayed in one picture, it may show that most
data are abnormal. When the time length of data is shrunk to one
week or one day, it can be shown very clearly. The magnified
portion of Fig. 7(a) is shown in (b). Time quantum of refueling
means that Avg-value is bigger than the maximum of normal
fuel-level data acquired in the outlier detection of fuel level and
D-value is bigger than the threshold of fuel charge. Fuel spilling
or gasoline theft time quantum means that Avg-value is smaller
than the minimum of normal data. As there is no threshold for
identifying the fuel spilling or gasoline theft, it is difficult to
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distinguish that whether there is fuel spilling or gasoline theft in
the time quantum when Avg-value is smaller than the minimum
of normal data. So the time quantum is used to confirm whether
there are time points of fuel spilling or gasoline theft instead of
calculating the fuel level falling edge.

One example of the Avg-value and the D-value is shown in
Fig. 8. The solid line with stars in Fig. 8(a) represents the thresh-
old of normal fuel consumption acquired by outlier detection,
and the threshold of fuel charge is identified as the solid line with
pluses in Fig. 8(b). Five time quanta of refueling can be captured
by comparing Avg-value with the threshold of normal fuel con-
sumption data and by comparing D-value with the threshold of
refueling fuel value. There are also five time quanta of refueling
in the fuel-level data. It means that the time points of refueling
are all in the time quantum of refueling acquired by the model.
What’s more, the time quanta of fuel spilling or gasoline theft
are also obtained by the same method presented in Fig. 8(a). It
is not accurate enough to clean fuel-level data in the abnormal
time quantum when there are other outliers. Therefore, the way
to acquire accurate time points of being refueled is proposed
through velocity analysis because refueling must be completed
in the stopping state.

D. Velocity Analysis for Accurate Time Points of
Being Refueled

From the above presentation, the abnormal time quantum
with time points of refueling is acquired, but it is not accurate
enough. Through the data acquired in the above sections, there
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are perhaps many large fluctuations and it is not easy to deter-
mine the time points of refueling in the abnormal time quantum.
Like in Fig. 8(b), only knowing the fuel-level data is not enough
to determine the accurate time points of refueling because of
the influence of other abfuel. Another property of vehicle is in-
troduced to solve this problem that the vehicle must be stopped
when it is refueled. Due to the deviation of network transmis-
sion, velocity equal to zero does not mean that the vehicle is
really stopping. So the threshold of velocity for confirming that
velocity less than or equal to threshold means the vehicle should
be stopped. But before the velocity analysis, all the values of
fuel-level rising edges in time quanta of refueling should be cal-
culated to compare with the D-value. If there is just one value
of fuel-level rising edge, the fuel-level rising edge is the time
point of refueling. If there are more than one values of fuel-level
rising edge meeting the condition, these fuel-level edges should
be judged by the velocity analysis.

Choosing the velocity data, which are unequal to zero from
data X, and the cumulative probability distribution of velocity
is shown in Fig. 9. The solid line with pluses presents the cu-
mulative probability distribution of velocity. It is discrete and
not enough to obtain the exact velocity threshold. To acquire
the threshold of velocity and confirm that whether the vehicle is
stopping, the fitting curve of the cumulative probability distri-
bution is proposed and it is expressed as a solid line with stars
in Fig. 9. The confidence coefficient of these velocity data is de-
termined as 0.05, and the confidence interval can be calculated
by the fitting curve of the cumulative probability distribution.
The confidence interval of whether the vehicle is in the stop-
ping state is [0, 0.2771]. It means that if the velocity is less than
0.2771, the vehicle is regarded as in the stopping state. When
the vehicle is being refueled, it must be stopped, which means
that the velocity at these time points should be lower than the
velocity threshold.

E. Abnormal Time Quantum

From the above presentation, the abnormal time points ac-
quired in outlier detection is defined as abnormal time quantum.
In other words, the data in abnormal time quanta are entirely
identified as abnormal data regardless of whether the data are
abnormally acquired in the outlier detection stage. The data
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Fig. 10. Process of the abnormal time quantum. the solid line with
stars represents the processed fuel-level data. The solid line with circles
represents the original fuel-level data. (a) Abnormal time quantum of
noise. (b) Abnormal time quantum of being refueled. (c) Abnormal time
quantum of fuel spilling or gasoline theft.

in abnormal time quanta is all cleaned and repaired. First, if
the Ava-value is lower than the threshold of fuel consumption
acquired in the outlier detection stage, it means that there are
no time points of refueling, fuel spilling, and gasoline theft in
the quantum. These abnormal time quanta are of the third and
the fourth type, such as large shake leads to inaccurate fuel-
level data. To repair these data, the continuous time points, of
which the velocity is less than the velocity threshold obtained
in velocity analysis, should be took out from the abnormal time
quantum. If there are some parking time points, the data exclu-
sive of these parking time points in the abnormal time quantum
will be valued by linear interpolation, and the fuel level of these
parking time points will be valued as the average of fuel-level
values between the time points before and after these parking
time points. If these velocities in the abnormal quantum are en-
tirely higher than the velocity threshold, all the fuel-level data
will be repaired by linear interpolation. One example of the
noise abnormal time quantum is shown in Fig. 10(a), where the
solid line with circles shows the original data and the solid line
with stars means the fuel-level data after processing.

Second, to process the abnormal time quantum, in which there
are time points of refueling, it is necessary to take out the time
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points of refueling from the abnormal time series, because if the
time points of refueling do not be taken out, the data repaired by
linear interpolation in the whole abnormal time quantum will
be a linear rising edge, thus making large errors. In fact, when
the vehicle is being refueled, it must be in stopping state and the
fuel level will be rising rapidly. When it is not being refueled,
the vehicle is using the fuel and the fuel level is declining. So
the abnormal time quantum is seen as two abnormal time quanta
divided by the time points of refueling, and these two abnormal
time quanta are processed in the same way as the first one. The
data at the time points of refueling will be remained after the
process. One example of the refueling time quantum is shown
in Fig. 10(b).

Finally, the abnormal time quantum of fuel spilling or
gasoline theft is identified because there is no standard to define
fuel spilling and gasoline theft, the abnormal time quantum
is actually the time quantum of abnormal fuel consumption.
But after processing, the results of this type of abnormal time
quantum after the whole model processing are identified. One
example of the fuel spilling or gasoline theft time quantum is
shown in Fig. 10(c).

By now, the main parts of the method have been presented.
The outlier detection and cluster analysis are based on the mod-
ified GMM with the synchronous iteration method, which can
be used to determine the threshold of average fuel consumption
and the time length and velocity analysis scheme can help to
identify four kinds of outlier fuel-level data more accurately.
The whole process of the method is shown in Fig. 11.

IV. EXPERIMENTS AND RESULTS
A. Parameters Setting

In the experiments, all of the parameters are shown in
the Table 1. Parameters of PSO algorithm in modified GMM
are set in consideration of applicability according to [28],
where cl =2 =1.49618 and w = 0.729844. Considering
the real data, the dimension, population size, and fitness
function are valued as 2, 30 and the log-likelihood func-
tion of GMM. As described in Section III, other param-
eters in the process of clearing fuel-level data are kinds
of avgfuel, kinds of RValue, Probability of time length and
Confidence coefficient of velocity, which are respectively val-
ued as 2, 2, 0.95, and 0.05.

B. Comparison Between Modified GMM and GMM-EM

The aim of modifying GMM is to eliminate the possibility of
falling into local optimum when turning parameters of GMM by
EM algorithm. GMM is used in this paper for outlier detection,
means acquiring threshold for detection. So stability of exper-
iment results is an important indicator to evaluate these two
algorithms. What is more, according to the theory of GMM, the
value of Log-likelihood function is another important factor to
evaluate the results of GMM, and the value of Log-likelihood
function is larger, which means that the results of GMM are
better. In the experiments, the same fuel rising edges data were
sent to the modified GMM proposed in this paper and the GMM-
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Fig. 11.  Process of the cleaning and repairing method. (FC: fuel con-
sumption; T: threshold; ATQ: abnormal time quantum).

TABLE |
PARAMETERS SETTING

Indicators Value

Population Size 50

Dimension 2

Parameters of PSO cl1=c2=1.49618,w=0.729844
Fitness function Log-likelihood function of GMM

Kinds of avgfuel 2
Kinds of RValue 2
Probability of time length 0.95
Confidence coefficient of velocity 0.05

TABLE I
COMPARISON BETWEEN MODIFIED GMM AND GMM-EM ALGORITHM

Indicators GMM-EM/times  modified GMM/times
AvgL -9.7235e+03 -9.3267¢+03
MaxL -9.7010e+03/45 -8.4680e+03/8
MinL -9.9263e+03/5 -9.5040e+03/42

EM, and each of them run 50 times, respectively. The results
are shown in Table II, Figs. 4, and 12.

In Table II, AvgL, MaxL, and MinL, respectively, represents
average, maximum, and minimum values of Log-likelihood
function. Times means frequency of acquiring almost same
value of Log-likelihood. From Table II, it can be found
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interestingly that only two kinds of Log-likelihood value can
be obtained respectively by GMM-EM and modified GMM.
Fig. 4 shows the result of clusters based on modified GMM and
Fig. 12 is based on GMM-EM. From these two figures, mod-
ified GMM can steadily classify RValue and acquire threshold
for outlier detection. While for GMM-EM, only when obtaining
maximum value of Log-likelihood in Fig. 12(a), it is applicable
for outlier detection, and times of minimum value in Fig. 12(b)
are inapplicable, which can be considered as falling into local
optimum. So the possibility of falling into local optimum in EM
algorithm is well eliminated by using PSO and steepest descent
algorithm. What is more, the average, maximum, and minimum
values of the Log-likelihood function based on the modified
GMM are all higher than the ones of GMM-EM, which means
that the modified GMM is distinctly superior to GMM-EM on
the results of the value of Log-likelihood function. In a word, the
experimental results prove that the modified GMM is more ap-
plicable for the model of clearing and repairing fuel-level data.

On the other hand, the aim of GMM is using multiple Gauss
distributions to express the data with an unknown distribution.
In this way, as most rising value data are in the interval [0, 20],
we choose ten values (2,4,...,20) of the data and calculate
the probability of these values by the value frequency. The pa-
rameters of GMM-EM and the modified GMM are the optimal
parameters acquired from the above experiments. The proba-
bility distribution curves are shown in Fig. 13 separately, and
the probabilities of these values are shown in Table III. It can
be found that most of the probability density distribution curves

TABLE IlI
PROBABILITIES CALCULATED BY ORIGINAL DATA, GMM-EM, AND
MoDIFIED GMM

value  original data GMM-EM  modified GMM

2 0.2093 0.0450 0.0518

4 0.0621 0.0583 0.0700

6 0.0289 0.0644 0.0727

8 0.0119 0.0607 0.0582

10 0.0103 0.0489 0.0368

12 0.0067 0.0338 0.0195

14 0.0051 0.0203 0.0104

16 0.0016 0.0109 0.0071

18 0 0.0057 0.0065

20 3.9573e-04 0.0033 0.0066
TABLE IV

PARAMETERS OF TWO VEHICLES IN THIS MODEL

parameters first vehicle  second vehicle
threshold of normal fuel consumption 2.5 24
threshold of refueling fuel value 26.3 30.2
ThrTime 5 6
threshold of velocity 0.2271 24215

established by the modified GMM are nearer to the original data
density distribution curve and the experimental results shown in
Table III also show that most density values acquired by the mod-
ified GMM are nearer to the density value of the original data.

C. Cleaning and Repairing Performance

To test the ability of the fuel-level data cleaning and repairing
method, the data of two vehicles collected over one month is
used. After the processes of the outlier detection of avgfuel,
cluster analysis of RValue, and the probability analysis of time
length and velocity, the parameters calculated for each vehicle
are shown in Table IV, which have been introduced in detail in
Section III. The calculated thresholds are different according to
different data, but the causes of abnormal data, the method for
acquiring abnormal time quantum, the threshold for classifying
the abnormal time quantum, and the repairing process are all
the same. For instance, the threshold of refueling fuel value of
each vehicle are approximate and successful in identifying the
time quantum of refueling.

Two vehicles’ fuel-level data of one month are shown in
Fig. 14. It can be found that most of the fluctuations of fuel-
level data caused by large shake, fuel-level sensors or wireless
network transmissions errors have been cleaned and repaired.
Meanwhile the time quantum of refueling and fuel spilling or
gasoline theft have been identified and captured. The solid line
with stars shows the time points of refueling, and the solid line
with circles shows that there may be some time points of fuel
spilling or gasoline theft. Compared to the original data curve in
Fig. 14(a) and (c), the time points of refueling are well identified
and captured. There are some errors to fuel spilling or gasoline
theft. In fact, the fuel-level data through the model is also not
accurate enough, and it needs the following further process to
get more accurate value.

Because the real fuel-level data are not prescient, many indi-
cators of mathematical statistics cannot be used for identifying
this model and smoothing spline is a method of curve fitting us-
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ing spline function, which is widely used in data prediction and
estimation [29]. In order to evaluate the effects of the proposed
method, a comparison experiment with the widely used filtering
method based on DWT is conducted. The wavelet scaling func-
tion is Daubechies4, the decomposition level is 5, the filtering
method is based on wavelet shrinkage, and the parameter of filter
is well adjusted to get a good result [30]. In this way, the original
data and processed data are fitted by the smoothing spline, and
then the numerical results of these fitting data can be used to
prove the effectiveness of our method. In the smoothing spline
results, there are several indicators to evaluate the performance
of fitting.
The sum of squares due to error (SSE)

n

SSE = (y; — i)™ (18)
i=1
Root mean squared error (RMSE)
1 n
_ - a2
RMSE = \/SSE/n = e o i) (19)

where dfe = n — opp — 1, and opp is the order of polynomial
in smoothing spline.
Coefficient of determination (RSquare)

2o (Wi — yAi)z.
>y (Wi — Ui)?
Degree-of-freedom adjusted coefficient of determination (AR-
Square)

RSquare =1 — (20)

ARSquare = 1 —
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Fig. 15. Fitting curve of original and processed fuel-level data. The
solid line with diamonds shows the fitted fuel-level data. The solid line
with circles shows the original fuel-level data. (a) Proposed method.
(b) Wavelet transform. (c) Original data.

In (18), (19), (20), and (21), y; is the value of the original
data and g; is the value of the fitted value. n is the number of the
data and j; is the mean value of the data. If SSE and RMSE are
closer to 0, which means that the model selection and fitting is
better, and the data prediction is more successful. The value of
RSquare and ARSquare are in the interval [0, 1] and the closer
value are to 1, the better the fitting effect is. The fitting curve of
the processed data by the model and the original data are shown
in Fig. 15, and the indicators are represented in the Table V. It
can be found that all the indicators of smoothing spline declare
that the performance of the proposed method is better than
DWT, and more better than the original data. The value of
SSE and RMSE based on the processed data by the proposed
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TABLE V
INDICATORS OF SMOOTHING SPLINE

Indicators ~ proposed method = Wavelet Filter  original data
SSE 1497 5006 2.373e+05
RMSE 0.3264 0.7652 4.111
RSquare 1 1 0.9995
ARSquare 1 1 0.9987

method are extremely smaller than those of the original data.
The RSquare and ARSquare also means a good fitting of the
processed data by our method. In fact, although the smoothing
effect of DWT is close to the proposed method, the wavelet-
based denoising method drop out high-frequency information
roughly. The noise type distinguished by DWT is also limited,
such as Gaussian white noise. Specially, the time quantum of
refueling, fuel spilling or gasoline theft can be identified in our
method, which means the processed data by our method retain
more valuable information than the classical filtering method.

V. CONCLUSION

At present, very few research studied the errors in the fuel-
level data of vehicles, which causes the inaccurate fuel con-
sumption data of vehicles. In this paper, a model for fuel-level
data cleaning and repairing is proposed to ensure the quality of
data. The modified GMM algorithm is proposed to detect fuel
consumption and analyze the fuel value of rising edges. Fur-
thermore, different from time points methods, the time quantum
is proposed to evaluate abnormal fuel consumption. Finally, the
effects of this model has been shown in the comparison experi-
ments between the original fitting data and the processed fitting
data using the proposed repairing method and DWT by smooth-
ing spline. Meanwhile, comparison experiments between mod-
ified GMM and GMM-EM also shows the applicability and
availability of the modified GMM. The results of experiments
have shown that the original fuel-level data with noise is well
cleaned through the model and the time quantum of refueling,
fuel spilling or gasoline theft is identified, which retain more
valuable information than the classical filtering method. In our
future research, we would like to extend the proposed model
with consideration of the big data architecture and real-time
data process method.

REFERENCES

[1] Y. Peng and X. Wang, “Research on a vehicle routing schedule to reduce
fuel consumption,” in Proc. Int. Conf. Measuring Technol. Mechatronics
Automat., 2009, pp. 825-827.

[2] K. Ahn, H. Rakha, A. Trani, and M. Van Aerde, “Estimating vehicle fuel
consumption and emissions based on instantaneous speed and acceleration
levels,” J. Transp. Eng., vol. 128, no. 2, pp. 182-190, 2013.

[3] C. Wang, “A capacitive sensor based fuel level measurement approach for
alorry,” Shandong Sci., vol. 25, pp. 83-86, 2012.

[4] W.lJiang, X. Chen, and Z. Zhong, “Analysis and optimization of gsm-r qos
impacts on ctcs-3 onboard-trackside data transition,” J. Beijing Jiaotong
Univ., vol. 35, no. 5, pp. 17-20, 2011.

[5] L. Wang, L. D. Xu, Z. Bi, and Y. Xu, “Data cleaning for rfid and wsn
integration,” IEEE Trans. Ind. Informat., vol. 10, no. 1, pp. 408418, Feb.
2013.

[6] Z.Zhang, D. Yang, T. Zhang, Q. He, and X. Lian, “A study on the method
for cleaning and repairing the probe vehicle data,” IEEE Trans. Intell.
Transp. Syst., vol. 14, no. 1, pp. 419-427, Mar. 2013.

[7]1 E. 1. Laftchiev, C. M. Lagoa, and S. N. Brennan, “Vehicle localization
using in-vehicle pitch data and dynamical models,” IEEE Trans. Intell.
Transp. Syst., vol. 16, no. 1, pp. 206-220, Feb. 2015.

[8] H. Zhao, J. Wang, and R. Zhao, “The outlier analysis and process of fuel
consumption data based on .net,” Mechatronics, vol. 16,no. 11, pp. 68-71,
2010.

[9] S. Shin, “Industrial application of wavelet analysis,” in Proc. Int. Conf.
Wavelet Anal. Pattern Recognit., 2008, pp. 607-610.

[10] S. B. Lazarus et al., “Vehicle localization using sensors data fusion via
integration of covariance intersection and interval analysis,” I[EEE Sensors
J.,vol. 7,no. 9, pp. 1302-1314, Oct. 2007.

[11] Y.Zhang, J. Shen, and C. Hu, “The research on vehicle gps position based
on kalman filter,” Comput. Knowl. Technol., 2009.

[12] H. Chen, H. Liu, S. Qiao, and Y. Wang, “Analysis of vehicle driving
data based on cubic spline interpolation,” Automobile Technol., vol. 8,
pp. 54-57,2013.

[13] H. Musoff and P. Zarchan, “Fundamentals of kalman filtering: A practical
approach, second edition,” Progress Astronaut. Aeronaut., vol. 190, no. 8,
p. 83,2015.

[14] Z. Qin, L. Chen, and X. Bao, “Wavelet denoising method for improv-
ing detection performance of distributed vibration sensor,” IEEE Photon.
Technol. Lett., vol. 24, no. 7, pp. 542-544, Apr. 2012.

[15] M. Radovanovi, A. Nanopoulos, and M. Ivanovic, “Reverse nearest
neighbors in unsupervised distance-based outlier detection,” IEEE Trans.
Knowl. Data Eng., vol. 27, no. 5, pp. 1369-1382, May 2015.

[16] D. Lian, L. Xu, L. Ying, and J. Lee, “Cluster-based outlier detection,”
Ann. Operations Res., vol. 168, no. 1, pp. 151-168, 2009.

[17] B.Liu, G. Xu, Q. Xu, and N. Zhang, “Outlier detection data mining of tax
based on cluster,” Phys. Procedia, vol. 33, pp. 1689—-1694, 2012.

[18] P.Zhang, X. Feng, and J. G. Zhou, “Outlier detection technique based on
cluster analysis and spatial correlation in wireless sensor networks,” Appl.
Res. Comput., vol. 30, no. 5, pp. 1370-1364, 2013.

[19] R.Pamula, J. Deka, and S. Nandi, “An outlier detection method based on
clustering,” in Proc. Emerg. Appl. Inf. Technol., Int. Conf., 2011, pp. 253—
256.

[20] V. Chandola, A. Banerjee, and V. Kumar, “Anomaly detection: A survey,”
ACM Comput. Surveys, vol. 41, no. 3, pp. 75-79, 2009.

[21] Y. Chen, D. Miao, and R. Wang, “A rough set approach to feature selection
based on ant colony optimization,” Pattern Recognit. Lett., vol. 31, no. 3,
pp. 226-233, 2010.

[22] R. H. Sheikh, M. M. Raghuwanshi, and A. N. Jaiswal, “Genetic algo-
rithm based clustering: A survey,” in Proc. Int. Conf. Emerg. Trends Eng.
Technol., 2008, pp. 314-319.

[23] A.A.A.Esmin,R. A. Coelho, and S. Matwin, “A review on particle swarm
optimization algorithm and its variants to clustering high-dimensional
data,” Artif. Intell. Rev., vol. 44, no. 1, pp. 2345, 2015.

[24] D. Middleton, “Statistical-physical models of urban radio-noise envi-
ronments - part i: Foundations,” IEEE Trans. Electromagn. Compat.,
vol. EMC-14, no. 2, pp. 38-56, May 1972.

[25] Y. M. Omar, A. A. Ghaferi, and M. Chiesa, “What is the expectation
maximization algorithm?” Appl. Phys. Lett., vol. 26, no. 8, pp. 897-899,
2015.

[26] C. Ari and S. Aksoy, “Maximum likelihood estimation of Gaussian mix-
ture models using particle swarm optimization,” in Proc. Int. Conf. Pattern
Recognit., 2010, pp. 746-749.

[27] D. P. Kingma and J. Ba, “Adam: A method for stochastic optimization,”
Comput. Sci., 2014.

[28] G. Venter and J. Sobieszczanskisobieski, “Particle swarm optimization,” in
Proc. 9th Aiaa/usaf/nasa/issmo Symp. Multidiscip. Analy. Optimiz., 2012,
pp. 129-132.

[29] N. E. Helwig and P. Ma, “Fast and stable multiple smoothing parame-
ter selection in smoothing spline analysis of variance models with large
samples,” J. Comput. Graphical Statist., vol. 24, no. 3, pp. 715-732, 2015.

[30] D. Pastor and A. M. Atto, Wavelet Shrinkage: From Sparsity and Robust
Testing to Smooth Adaptation. Boston, MA, USA: Birkhauser, 2010.

Daxin Tian (SM'16) is a Professor with the
School of Transportation Science and Engineer-
ing, Beihang University, Beijing, China. His cur-
rent research interests include mobile comput-
ing, intelligent transportation systems, vehicular
ad-hoc networks, and swarm intelligent.



IEEE TRANSACTIONS ON INDUSTRIAL INFORMATICS, VOL. 15, NO. 1, JANUARY 2019

Yukai Zhu is currently working toward the Mas-
ter's degree with the School of Transportation
Science and Engineering, Beihang University,
Beijing, China.

His current research interests include trans-
portation big data and machine learning.

Xuting Duan is a Lecturer with the School
of Transportation Science and Engineering,
Beihang University, Beijing, China. His current
research interests include connected vehicles,
vehicular ad-hoc networks, and vehicular local-
ization.

Junjie Hu is currently working toward the Mas-
ter's degree with the School of Transportation
Science and Engineering, Beihang University,
Beijing, China.

His current research interests include bioin-
spired intelligent systems.

Zhengguo Sheng is a Senior Lecturer with the
Department of Engineering and Design, Univer-
sity of Sussex, Brighton, U.K. His current re-
search interests include cloud computing, inter-
net of things, machine-to-machine, power line
communications, vehicle communications, and
wireless sensor networks.

Min Chen (SM'09) is a Professor with the
School of Computer Science and Technology,
Huazhong University of Science and Technol-
ogy, Wuhan, China. His research interests in-
clude cyber-physical systems, IoT sensing, 5G
networks, mobile cloud computing, SDN, health-
care big data, medica cloud privacy and security,
body area networks, emotion communications
and robotics, etc.

Jian Wang is an Associate Professor with the
School of Transportation Science and Engineer-
ing, Beihang University, Beijing, China. His cur-
rent research interests include intelligent vehi-
cles and vehicle communications.

Yunpeng Wang is a Professor with the School
of Transportation Science and Engineering,
Beihang University, Beijing, China. His current
research interests include intelligent transporta-
tion systems, traffic safety, and vehicle infras-
tructure integration.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


