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Abstract—Localization services play an important role in
Internet of Connected Vehicles (IoCV) and vehicle predictive
localization information can greatly improve traffic efficiency and
reduce accidents. However, a huge amount of computing and
communication overhead is required to obtain such information
by traditional methods. In this work, we propose a Behavior-
based Clustering Method (BCM) to analyze the behavioral cor-
relation between vehicles and classify them into different clusters.
Based on BCM results coupled with a deep learning model, we
further propose a Clustering-learning-based Long-term Predic-
tive Localization (CLPL) algorithm to predict vehicles’ future
location distribution. In the proposed CLPL algorithm, all the
traffic roads are divided into consecutive small segments in order
to pinpoint vehicles’ precise current locations and to obtain long-
term predictions. Extensive simulations, notably involving real
dataset, have been carried out to evaluate BCM and CLPL in
terms of several performance criteria including matching rates.
The analysis of the results validated how the designed methods
can predict vehicle location much more accurately than existing
algorithms.

Index Terms—Internet of Connected Vehicles; Clustering
learning; Behavior analysis; Vehicle localization.

I. INTRODUCTION

With the rapid development of mobile computing and
communication technologies, the integration of Internet of
Connected Vehicles (IoCV) and 5G wireless network promises
many driving-enhancing services for drivers and passengers
[1]. Vehicles and road side units (RSUs) are the basic com-
ponents of IoCV, and they are able to communicate with each
other and access 5G wireless network services. As an appli-
cation of Internet of Things (IoT) in intelligent transportation
systems, IoCV is mainly used in urban traffic environments
to support network access for drivers, passengers, and traffic
managements [2], [3].

The problem of vehicle predictive localization has received
significant attentions in the last few years. For instance, Jo et
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al. [4] proposed a unified vehicle tracking and behavior reason-
ing algorithm, which applies a roadway geometry constraint
to improve the dynamic state evaluation and the behavior
classification performance. Goli et al. [5] took advantages
of neighboring vehicles’ cooperations to evaluate and predict
future vehicle location. Vlahogianni et al. [6] realized short-
term traffic flow prediction based neural network and proposed
a genetic algorithm for proper characteristics representation.
Simon et al. [7] proposed a model-based approach for short-
term travel-time prediction on highway, which is used to
on-line and real-time applications and hence. These existing
algorithms provide predictive localization but they are mostly
short-term prediction results based on real-time driving condi-
tions, such as vehicle speed, road curvature, front congestion,
etc.

In fact, long-term predictive localization is particularly valu-
able in road construction and transportation planning. Even
though there have been some long-term predictive localization
methods, such as the 60 minutes prediction by Lint [8], the
technique of using prior visual memory [9], and DNN-based
long-term trajectory prediction [10]. Instead, we try to predict
vehicle location distribution days, weeks, or months in the
future. Our approach is to separate the problem into two sub-
problems: 1) a vehicle clustering sub-problem, which concerns
forming stable vehicle clusters based on the behavioral cor-
relation between vehicles. 2) a predictive localization sub-
problem, predicting the location of vehicles for long-term
future. In this direction, the main contributions of this paper
are summarized as follows:

1) We design a Behavior-based Clustering Method (BCM)
method to analyze the behavioral correlation between
vehicles in each time interval and divide vehicles into
non-overlapping clusters. Vehicles with greater behav-
ioral correlation are classified into the same cluster.

2) We propose a Clustering-learning-based Predictive Lo-
calization (CLPL) algorithm for IoCV to predict vehicle
distribution in the future. By utilizing the BCM results
and a deep learning model, CLPL provides long-term
prediction without real-time driving conditions.

3) We perform extensive simulations to evaluate the pro-
posed methods. BCM is compared with Sociological
Pattern Clustering (SPC) and Mobility-Prediction Based
Clustering (MPBC) in terms of clustering performance.
Moreover, the matching rate of localization of CLPL
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is compared with reference approaches such as Co-
operative Vehicle Localization Algorithm (CVLA) and
neighbor-aided localization (NAL). The experiment re-
sults show the superiority of our designs in clustering
and localization in all the tested scenarios.

The remainder of this paper is organized as follows: Section
II introduces related work. Section III presents the system
model and the problem formulation. Section IV describes the
clustering method based on vehicle behavior detailing the
proposed BCM while the novel CLPL algorithm is detailed
in Section V. Performance analysis of the presented methods,
based on extensive experiments, is conducted in Section VI in
which the obtained results are discussed. Finally, Section VII
concludes the paper.

II. RELATED WORK

We review recent literature and related works in three
different perspectives that are closely related to our work: A)
vehicle predictive localization, B) clustering techniques, and
C) deep learning support.

A. Vehicle Predictive Localization

Vehicle predictive localization is essential for almost all
transportation application services, such as vehicle route s-
election and traffic congestion reduction. Other than the few
we briefly discussed in Section I, there are other important
works on predictive localization as well. In terms of short-
term prediction, Papakostas and Katsaros proposed a Rich-
Dictionary Markov Predictor (RDM) to perform online vehicle
next-location prediction with pattern matching [11]. Madha-
van and Schlenoff [12] developed a Prediction in Dynamic
Environments framework to perform unmanned ground vehicle
prediction, which shows the need for sufficiently adequate
process models and their importance in short-term moving
object prediction. Liu [13] proposed a short-term network
traffic forecasting algorithm based on Chaos Theory and
Support Vector Machine. Regarding the long-term predictive
localization, Hou and Li [14] proposed a long-term traffic flow
prediction method based on the repeatability and the similarity
of the traffic flow series, which regards more than one day as
the long-term prediction period. Su et al. [15] proposed a long-
term traffic situation prediction model based on functional
nonparametric regression, which predicates vehicle location
after one day.

However, these existing algorithms, regardless of both long-
term and short-term predictive localization, still need im-
provements in terms of accuracy, scalability, convergence, and
effectiveness when facing a large-scale IoCV. In particular,
most of these algorithms are only well suited for predictive
localization up to 18 days in the future [16], [17], [18]; instead,
we focus on more effective predictive localization for a father
future in this work, which considers: Based on past history,
how many vehicles will be located at a certain road segment
at the specific time of one day, one week, one month or even
further in the future? What is the distribution of vehicles’
locations within the metropolitan area during that time?

B. Clustering Techniques

Clustering characteristic provides incredible support for
IoCV and many valuable clustering methods were proposed
in the past decade [19], [20], [21]. Yang and Leskovec [22]
presented an overlapping clustering detection method to detect
dense overlapping and hierarchical nest in massive networks.
Zhang et al. [23] proposed a method called bounded nonneg-
ative matrix tri-factorization (BNMTF) for community detec-
tion and addressed the sparsity problem as a result of missing
edges in BNMTF. Raghavan et al. [24] presented a simple
propagation algorithm, which only utilizes the network struc-
ture as guidance and requires neither a predefined objective
function nor prior information about a cluster. Gregory [25]
extended the label and propagation step to include information
about more than one cluster. Moreover, vehicle behavior has
also been used to classify vehicles in IoCV. Maglaras and
Katsaros [26] presented Sociological Pattern Clustering (SPC)
and Path Stability Clustering (PSC) to exploit the historic
trajectories of vehicles and use clustering primitive of vir-
tual forces to create stable and meaningful clusters. Ni et
al. [27] proposed a mobility prediction-based clustering (MP-
BC) method, which adopted mobility prediction strategies to
handle various problems caused by node movements. Mattern
et al. [28] relied on vehicle-to-vehicle (V2V) communication
within scope of the cluster to improve positioning accuracy
in the Co-operative Vehicle Localization Algorithm (CVLA).
Cruz et al. [29] designed a Neighbor-Aided Localization
(NAL) technique using neighboring vehicles from the same
cluster and smartphone inertial sensors for localization pre-
diction. However, the time and space complexity of these
algorithms becomes unmanageable when working on large-
scale IoCV.

C. Deep Learning Support

Deep learning is another interesting research topic related
to our work. In this context, Ravi et al. [30] proposed a deep
learning methodology that combines features learned from
inertial sensor data with complementary information from
a set of shallow features to enable accurate and real-time
activity classification. It aims to overcome some limitations in
typical deep learning framework where on-node computation
is required. Wu et al. [31] studied leveraging both weakly
labeled images and unlabeled images for multi-label image
annotation and proposed an approach called weakly semi-
supervised deep learning for multi-label image annotation. A
weighted pairwise ranking loss is utilized to handle weakly
labeled images, while a triplet similarity loss function is em-
ployed to harness unlabeled images. In addition, deep learning
has been used to beat records in fault diagnosis of electric
motors [32], speech recognition [33], emotion detection [34],
and intelligent transportation [35], and predict the effects
of mutations in non-coding DNA on gene expression and
disease [36]. These techniques can certainly be used in the
context of long-term predictive localization to ensure the speed
and accuracy of the prediction, but need to be improved in
combination with IoCV characteristics.
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Fig. 1: IoCV system architecture

III. SYSTEM MODEL AND PROBLEM FORMULATION

In this paper, we assume that IoCV consists of millions of
vehicles, its infrastructure includes numerous RSUs and 5G
based stations, and adopts a data center that supports cloud
services of big data computing and storage. Cloud service is
responsible of storing the large amount of historical vehicle
data. Predictive localization will also be performed there. In
practical applications, RSUs will occasionally submit newly
collected vehicle data to cloud by 5G wireless network in
order to enrich the dataset already stored on cloud. Connecting
to cloud is only necessary for further data enrichment while
vehicles or RSUs can also get online services in this way.
Although failed connection could cause loss of some training
data and degradation of immediate predictive performance, da-
ta resubmissions can be used to address such temporary cloud
failures. As shown in Fig. 1, the IoCV system architecture
contains three layers: perception, transport, and application,
each with different functionalities [37]. Both BCM and CLPL
will reside in the application layer.

A. Problem formulation

Long-term predictive localization provides valuable future
vehicle distribution information for traffic control, road con-
struction planning, intelligent transportation services in IoCV.
Although vehicle’s various sensors and intelligent navigation
system are expected to collect a rich set of information for
predictive localization, such information is easily affected by
weather, traffic accidents and other factors, leading to higher
prediction errors. Compared with short-term predictive local-
ization, long-term predictive localization is even more difficult
to achieve in large-scale IoCV due to error accumulation. In
this work, we focus on the following problems of vehicle
predictive localization: Based on available vehicle historical
data, how to form stable cluster structures of large-scale
vehicles with different states in order to facilitate long-term
predictive localization? And how to improve accuracy in the
presence of different errors?

In order to solve the above problems, we analyze histori-
cal information of vehicles to classify vehicles with similar
behavior. For example, some vehicles often travel and stop
at the same place. As an overview, our approach is to first

classify vehicles into clusters by mining time-varying behav-
ioral correlation between vehicles. Then, we take advantage
of clustering-learning to predict vehicles’ long-term location
distribution.

B. System model and notations

The following notations are used in this work:

\%4 {v1,v9,...,v,} represents the vehicle set, R
{ry,ra,...,7, } means the RSUSs set.

All roads in IoCV are divided into consecutive road seg-
ments for evaluating behavior correlation degree between ve-
hicles to form vehicle clusters, and S = {sq, s2, ..., scm.d(s)}
represents the set of road segments. Each road segment
is served by at least one RSU (Fig. 2), card(S) repre-
sents the length of the set S. The RSUs and road seg-
ments passed by vehicle v; at different time-slots are de-
noted as sets R; = {r(t1),7(t2), ..., (tcard(r,))} and S; =
{s(t1),s(t2), ..., 8(tcaracs,))}- In this paper, the predicted pe-
riod and its corresponding historical period are divided into
intervals, and the interval means the time-slot.

Fig. 2: Road segment division and cluster formation of traffic
roads

1;; is the behavioral correlation degree between vehicles
v; and v; belonging to cluster C; and C; respectively. Such a
degree is measured by the records of their simultaneous driving
or parking on the same road segment.

Long-term predictive localization aims to predict vehicle
location distribution at any moment in the future, which may
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be one day, one week, one month or even further in the future.
In this paper, long-term predictive localization is implemented
through the deep clustering-learning process on the behavior
analysis of the vehicles.
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Fig. 3: Implementation processes of long-term predictive lo-
calization

As shown in Fig. 3, the implementation process consists
of clustering stage and predictive localization stage. Firstly,
time period is defined for vehicle behavior analysis, such as
one hour, one day, one week, and so on. Then time period is
further divided into time-slots as minimum processing units
while the vehicle historical data is divided into smaller parts
according to the time-slot. The time-slot duration is preset
before training, but it can be adjusted according to system
capabilities and application requirements. In each time-slot,
the clustering stage is executed to form stable vehicle cluster
structure by calculating the vehicle behavior correlation and
enhancing network modularity. The predictive localization
stage uses clustering results of historical corresponding time-
slots as input of an improved deep neural network to obtain the
cluster structure of a future time-slot, which is then converted
to the information of road segments for vehicle predictive
localization. For example, in order to predict vehicle location
at time ¢ (teAtg,), clustering results of historical time-slots
{At1y, Atay, ..., Atpy }(p < d) are obtained in the clustering
stage and input to the deep neural network for training the
cluster structure of time-slot Atg,, then convert it to the
prediction result at time .

In order to realize long-term predictive localization, the
predicted locations are also used as historical information
as well as known actual locations to predict the subsequent
periods. In addition, the predicted dataset can be corrected
with the newly obtained actual locations for eliminating ac-
cumulated predicted errors to make the subsequent prediction
more accurate.

IV. CLUSTERING METHOD BASED ON VEHICLE BEHAVIOR

Due to the uncertainty of information in IoCV such as the
initial distribution of the vehicle and the number of cluster-
s, this section designs a behavior-based clustering method
(BCM) as the solution of the first sub-problem (vehicle
clustering) instead of selecting existing general clustering
methods; moreover, modularity () is used to enhance BCM’s
performance.

A. Extraction and Analysis of Vehicle Behavior

In IoCV, vehicle-to-vehicle and vehicle-to-RSUs commu-
nications require specific status information such as the IDs
of the RSUs or road segments that vehicle v; passed by,
and all the vehicles that communicated with vehicle v;. In
particular, all the I Ds of the RSUs passed by v; during time-
slot At are firstly extracted from the application layer and
stored in the sorted set R;. Then, the transition from R; to S;
needs to be accomplished before analyzing vehicle behavior.
The following method is adopted to analyze the behavioral
correlation degree 1);; once S; is determined.

Assuming that the acquisition times are the same for all
vehicles, which are equivalent to the number of elapsed time-
slots. For any two vehicles v; and v;, their sorted sets are de-
noted as S; = {s(At]), s(Ath), ..., s(AL} ), ..., S(ALL, 4))}
and S; = {s(AH), s(AL), oy s(ALL), ooy (AL g6 1)} Te-
spectively. The two sorted sets are converted to the correspond-
ing ordered strings S; = “s(At?)...s(At)...s(At?, )” and

N . s ) . IS:]
S; = “s(Atjl)...s(At&)...s(Atfgv‘)”, where |S;| = card(S;)

and |S;| = card(S;) represent the length of string S; and S;
respectively, which also indicate the total number of passed
or parked road segments of v; and v; during the time-slot
At, and are used to calculate string similarity for the behavior
correlation degree 1);;.

Existing algorithms calculating string similarity are mainly
based on Levenshtein Distance (LD), also called Edit Distance.
LD represents the minimum number of operations (insert,
delete, replace) needed to convert original string into target
string. In particular, Zhang et al. combined LD with longest
common subsequence (LCS, defined as the longest subse-
quence of two or more known sequences) between two strings
to calculate string similarity, which can trace back all matching
paths to improve the accuracy of calculation results [38]. As
an extension, we compute string similarity by introducing
vehicle characteristic (such as vehicles ID, Time, Longitude
and Latitude) into the method described in [38].

For s, € string §Z and s, € string S i, a matrix

D(IQ\)X(\%I) = {dw,s} is built based on the strings S; and
Sj for calculating the similarity between two vehicles. The
value of each element is set according to the following rules:
if 5, = 8,(w=0,1,...,[8;| —2and o = 0,1,...,S;] — 2),
dw,o = 1; otherwise, d,, , = 0.

The LCS of two strings represents the number of elements
with d, ») = 1 on the backtracking path, which is represented
as [cs. A backtracking path in matrix D starts from the bottom
right corner element d(‘§i|»‘§j|) to the upper left corner. The
rules of the path backtracking is the following: if the value
of current element is 1, moving to the upper or left element;
otherwise, moving to the upper, left or upper left element.
After finding all the backtracking paths, the one containing
the most elements equal to 1 is selected to calculate the [cs.

Let block(w, o) represents a rectangle area with the line
from the element d((,1),(s41)) to the bottom right corner
element d g, g, as the diagonal. .J (w, o) is the length of
LCS between two strings that are represented by the first
column and row of block(w, o) without d, ), respectively.
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It is calculated iteratively starting from d(‘ NI according
to the following rules: if J(w,o + 1) < J(w + 1,0),
J(w,0) = J(w, 0); otherwise, J(w, o) = J(w,o+1)+1 when
dyot1 # 1, J(w,0) = J(w,0+2) + 1 when dy, o141 = 1.
J(0,0) is simply LD, denoted as Id, of strings |S;| and |S;|.
With the obtained Id and lcs from the above analysis, the
behavioral correlation between v; and v; (also represented by
the similarity between S; and §j) is calculated as follows:

B les
B |Si|—eo

ld+lcs + B
where o is the subscript of the element that changes the first
value on the diagonal from the upper left corner in the matrix
D(| Si)x(S1) representing the common prefix for string .S; and

S;

Vij (D

In addition, the relevance 1, - between two clusters C, and
C'.; is calculated based on the behavioral correlation between
vehicles from different clusters:

card(C /) card(CJ,/)
i

o @
k=1

1

djilj/ N card(C,r) - card(Cj/) l:zl

where v; € C;/, vi, € Cj/, C, and C; include vehicle v,/
and v/, respectively.

B. Behavior-based Clustering Method

BCM classifies vehicles into the cluster set C =
{C1,Cs,...Cyr, ..., Ceara(cy }- In the initial stage of clustering
process, each vehicle is treated as an initial cluster and is
continuously merged in the subsequent process. In order to
clearly describe the relevance between two formed clusters,
we define an adjacency matrix as follows:

P11 Uigq

14 3)

axq = : :
¢q1 ¢qq
where ¢ represents the number of clusters.
Each element in the matrix represents the relevance between
two clusters. Each element on the main diagonal indicates
the relevance between each cluster and itself and is set to
zero. Moreover, in order to further reduce the time and space
complexity of the clustering process, as well as avoiding
unnecessary operations, a preset threshold 7, (7. > 0) can
be introduced while every other element in Wy, is set to
zero if its value is less than 7;.. This threshold affects the size
of the adjacency matrix for cluster formation and its value
is related to each specific application scenario. A larger T
means a higher probability of setting elements in to zero,
i.e., the possibility of merging different clusters is lower,
which increases the size of adjacency matrix and leads to, on
an average, more clusters are ultimately formed while fewer
road segments and vehicles are associated with each cluster.
Although introducing 7’ reduces the complexity, it comes at
the expense of a slight reduction in accuracy, so it is necessary
to decide whether to use it depending on the actual application.

The clustering structure in BCM is updated on a time-slot
interval At, in which the cluster set C' and the adjacency
matrix W, are initialized. C}, represents the initial cluster
set of the ht" iteration in At; then, the next step is to search
the maximum element in the adjacency matrix to find the
corresponding two clusters 'y and C that can be merged
into a new cluster C;, (C;, = C;» U Cy).

Modularity  measure [39] is widely used in evaluating
optimization methods to measure the strength of division
of a network into modules (also called groups, clusters or
communities). Such a measure usually reflects the tightness
of node connections within the same module and the sparsity
of node connections between modules. In this paper, nodes and
edges represent vehicles and the existence of the behavioral
correlation between them, respectively. The maximization of
network modularity is pursued to obtain a stable cluster
structure with high behavior correlation between vehicles.

As discussed in Section IV.A, the behavioral correlation
between vehicles is calculated by the common passed or
parked road segments of vehicles during the time-slot At.
In our BCM scheme, each vehicle is treated as one cluster
in the initialization phase. A greedy algorithm is used to
merge the most relevant clusters (vehicles) during the initial
stage without sufficient historical data for training, which
makes clustering processing more efficiency and less time-
consuming. Through iterations, different vehicles and road
segments will be merged into clusters, improving the tightness
of our approach. For example, in h'" iteration, the clusters Cy
and O are merged as a C,, if such a merge would increase
modularity (). Assuming that the merge of these two clusters
is performed, the updated modularity is calculated as follows
(h=1,2,..):

Qn=">_ (e

—a?) = Ze” — Za? =T.(e) — HeQH %)
7 7 K3
where e is a symmetric matrix whose element e;; represents
the fraction of all edges in the network that link vehicles in
cluster i to those in cluster j. T;.(e) = . e;; gives the fraction
of edges in the network that connect vehicles in the same
cluster. The row (or column) sums a; = Y j €ij indicates the
fraction of edges that connect to vehicles in cluster <. ||e2 || =
> (3" €i;)? represents the sum of all elements in matrix e

i
[40].

If Q;l < Qp, the clusters C;; and C’j/ are not merged,
BCM terminates because modularity ) cannot be increased
by merging the clusters with highest similarity. Otherwise, the
cluster C;» and cluster Cj/ are merged into a new cluster C,
and the clustering set changes from C}, to C;L. In addition,
considering the situation that th —Qn <e(e>0is asmall
preset value), continuing to execute iterations can only lead to
a small increase in modularity at most, BCM is also terminated
to reduce overhead. In this case, C,; is the final clustering set
and the modularity @ is equal to Q;L. If Q;L — Qn > ¢, BCM
continues the iterative process to take advantage of the increase
in modularity, where Qp11 = Q;Z and C(j41) = C’,;. Similar
to T, € is introduced to expedite algorithm convergence,
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below which clusters merging will not take place. This is
a simple mechanism to reduce computation cost with the
expense of accuracy and we leave further investigation of the
impact of T, and ¢ to our future work. The pseudocode of
BCM is summarized in Algorithm 1.

Algorithm 1 - BCM working sequence

Input: The initialized clustering result set C' of each time-
slot.
Output: Solution to the first sub-problem, i.e. vehicle clus-
tering result of each time-slot.
1: Initializing ¥,y .
2: outer:
3: for each time-slot At do
4:  for each iteration h do

5: Search for the maximum element in the adjacency
matrix and obtain the corresponding two clusters Cs
and Cr.

6: Generate a new cluster C;, = Cy U C’j/, update

the clustering result set C';,41) and calculate the
modularity measure Q;L
if Q, < Qn
The algorithm terminates.
: The clusters C; and C are not merged
10: end if

11: else if Q/h —Qp>c¢

12: Qn+1 = Q;L,

13: C(h-i—l) = Ch

14: Re-build the adjacent matrix \Il‘c(hﬂ) IX|Cntny
15: Continue outer:

16: end if

17: else

18: The algorithm terminates.

19: C,,L is the final clustering set

20: The modularity @ is equal to Q/h
21: end else

22: end else

23:  end for

24: end for

V. LONG-TERM PREDICTIVE LOCALIZATION SCHEME

In this section, a long-term predictive localization scheme
is proposed to solve the second sub-problem (predictive lo-
calization) by using an improved deep learning method. The
BCM result is used as the input of deep neural network.

A. Vehicle Cluster Behavior Analysis

Considering two consecutive time-slots At — 1 and At, the
clusters formed by BCM in IoCV are denoted as C(At —
1) ={Ci(At —1),Cy(At - 1), ..., C|C(At,1)|(At —1)} and
C(At) = {Ci(At),Cy(At), ..., Cioan)|(At)}, respectively.
If the road segment information of all vehicles in clusters i
are not changed and no new vehicles are added, the number
and IDs of vehicles in cluster i do not change from time-
slot At —1 to At, thus holding Cy (At — 1) = C,(At).

If multiple similar behaviors are merged, the corresponding
multiple small-scale clusters are merged into a larger cluster.

The change of vehicle clusters is reflected through C'(At —
1) and C(At), which cannot be expressed by a linear struc-
ture; thus, CLPL based on deep learning for such non-linear
structure, is described in the next subsection.

B. Clustering-learning-based Predictive Localization

In each time-slot At, the cluster structure is formed based
on the vehicle behavior correlation, which includes various
characteristic information, such as time characteristic (the
form and decomposition time of cluster structure), vehicle
characteristic (ID, Longitude, Latitude, road segment), cluster
characteristic (the number of clusters, the number of vehicles
in each cluster, the coverage of cluster), etc. The model
SAE [41] has the ability of realizing high-dimensional feature
extraction and clustering learning with fast convergence and
high accuracy. Thus, we propose an Improved Stacked Auto-
Encoder (ISAE) model to predict the cluster structure of
vehicles in the future. As shown in Fig. 4, the ISAE model
includes multiple original SAE layers and one prediction layer
on top. Clustering results of historical corresponding time-
slots are treated as the initial input of SAE layers for training
data features associated with vehicle clusters. The introduced
prediction layer uses the refined cluster feature data from the
adjacent SAE layer to predict the future cluster structure,
which is converted to the predicted location based on the
mapping relationship between clusters and road segments. The
vehicle distribution at any time is obtained from the predicted
locations of all vehicles. The training sample set is denoted as
{x1,x2,23,...2¢,...,xN }, where N is the number of samples
and each sample contains cluster structure information of
one time-slot (the cluster structure is identified by BCM, as
discussed in Section IV).

Prediction

(I+1) layer

Stacked
Auto-encoder
[ layer

Input
Fig. 4: Improved stacked auto-encoder model

Before introducing ISAE, we present encoding and decod-
ing functions as follows:

y(ze) = f(Wize +b) &)
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z(ze) = g(Way(ze) + ¢) (6)

where W7 and W, are the encoding and decoding weight
matrixes, b and c are the encoding and decoding bias vectors
respectively. ISAE is trained in a greedy layer-wise way. Given
a set of training samples {x1,x9,s,...2¢,...,2 N}, Where
xy € R% an auto-encoder first encodes an input x, to a
hidden representation y(x,) based on equation (5), and then it
decodes representation y(x;) back into a reconstruction z(xz,)
according to equation (6). The stgmotd function is used as
the transfer function for the process of encoding and decoding,
which is defined as follows:
1

f(z) =g(z) = T+ oxp(—2)

As shown in Fig. 5, during the training process of each
original SAE layer, the weight matrix W7, W5, and bias vector
b1, bs in the layer are obtained by encoding and decoding the
input dataset, and the hidden layer of this training process is
used as input for the next layer. The same strategy is carried
out for the following layers to initialize the weight matrix of
the network and an overall cost function H to evaluate the
weight matrix and bias vector of the input auto-encoder in
each layer. The cost function is defined as follows:

(7

H = L(X,2)+6 Ulpllpe) ®)

L(X,Z) is the specific cost function and U(p||p.) is a
weighted penalty term.

L(X,Z) = argmin

1 A

2
— Ty — z(xy + —Jwr 9)
amgmin 5 o220l + 5w

where X and W are the finite set of z, and W'; Z
represents the finite set of z(x,) while \ represent the weight
parameter for the weight matrix. The Jyy: term is defined as
follows:

ni—1 & 8141

= 3033 (Wi

=1 j=1e=1

(10)

where Wée indicates the weight between the ' neuron on
the layer [ and the j** neuron on the layer (I + 1) while §
and 5;4; represent the number of neuron nodes in two adjacent
layers, respectively. IV; represents the number of input samples
for layer .

The weighted penalty term is defined as follows:

—p

€

1
U(pl\pe)=p1npﬁ+(1—p>ln1 (11)

The average activity of the generic neuron e can be ex-
pressed as:

1 N
pe =7 D vel2) (12)
=1
where x, is the input, y.(z,) is an activity for the neuron e,
and N is the number of input samples. We used the Kullback-
Leibler divergence as a regular constraint of the network

to make p. as close as possible to a decimal value p that
approaches zero.

Input of the next layer

Fig. 5: The architecture of stacked auto-encoder model

Through the above analysis, a weight matrix W and a
bias vector b can be obtained after an auto-encoding process.
For an inter-layer process, the output is obtained through a
single layer model with raw data, where the cost function
represents the system predictive performance. In this context,
we used Limited-memory Broyden-Fletcher-Goldfarb-Shanno
(LBFGS) [42] to update the bias vector and weight matrix
during the cost function minimizing process, which provides
generalization bounds for linear and nonlinear kernels and has
high learning performance.

The updated rules are the followings:

. Cwom A OH

W (k1) = W™ (k) — Ao (13)
" Cm A OH
b (k4 1) = b (k) — A (14)

where Ay is the inverse of the Hessian matrix and the partial
derivative of a weight matrix and a bias vector are calculated
as:
OH OH 0fn
OWPT Of, OWT

= =00 2oy F AW (15)

’

= —(2me — Zmg) frg = O

OH _0H 0f., 6
obm  df,, Obm

where m represents the m" layer. f,, is the sigmoid function
of the m*" layer which is calculated through equation (7). §™
represents the residual of the neuron e on the m‘" layer while
Z;né is the derivative of the decoding function of the neuron e
on the m*" layer and z,,, is calculated through equation (6).

During the training process, CLPL uses a greedy layer-wise
way to prevent the occurrence of gradient diffusion, which
contains an initialization phase and fine-tuning steps for model
parameters as shown in Fig. 6.

In particular, within the initialization stage of CLPL, the
original data is pre-processed and both the weight matrix W
and the bias vector b are initialized. Then a hidden layer is
trained to determine whether the cost function H is minimized.
W and b are updated according to the LBFGS algorithm
for the training in the next hidden layer. Once achieved
the minimization of the cost function H, if the last layer
of the training process is reached, the initialization stage is
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Fig. 6: Training process of CLPL

terminated and the characteristic data is obtained; otherwise,
W and b need to be computed through the next layer.

According to the above analysis, the prediction result at
time-slot At + AT is the formed vehicle cluster structure,
which is denoted as follows:

C(At+AT) = {C1(At+AT), Co(At+AT), ..., Cy(At+AT) }

a7
where AT represents the sum of all time-slots from current
time-slot At to the predicted time-slot and ¢ is the number of
predicted vehicle clusters at the time-slot At+ AT'. According
to the previous assumption, there is at least one RSU in the
geographic range corresponding to each cluster. For simplicity
of expression, the smallest cluster covering only one RSU is
represented by the RSU’s ID as a subscript, and a merged
cluster is represented by all the IDs of its covered RSUs as the
subscript. For example, two cluster C,.; and C).o are merged at
the time-slot At + AT and the formed new cluster expressed
as C(1,r2). The prediction result can be also described with
RSU IDs as follows:

At+AT _ [ AAL+AT At+AT
e (S ), C + (Tz”+17ri/+27

oTu)}
(18)
The overall operational sequence of CLPL is summarized
in Algorithm 2.

(7’1,7’2, ceey
“70At+AT(

N T (SN P

C. Precise Vehicle Location

Since the training data can be collected by V2V and V2R,
CLPL is able to work under the premise of GPS loss due to
weak signal or interference to realize the long-term prediction
of vehicle location. In other words, although GPS provides the
most accurate training data to improve prediction accuracy, it
is unnecessary for CLPL all the time. Regarding the precise
vehicle location in the road segment, we discuss the following
two situations:

1) Current precise location: Regarding the current precise
location of each vehicle, we can get accurate results by using
GPS or other smart navigation devices. In addition, many

Algorithm 2 - CLPL working sequence

Input: Historical behavior information of vehicles and clus-
tering result of first sub-problem at different time-slots.
Output: Vehicle location distribution information at time-slot
At + AT.
1: for each time-slot At do

2:  for each vehicle v; € V do

3 Extract the behavior informa-
tion and store it in  set S =
{s(At}), s(ALy), ..., s(ALy,), ..., s(Atp,,q08,)) -

4: Execute the conversion from S; to S“i =
“S(At’i)...S(Atg)...s(AtTgil)”.

5:  end for

6: end for

7: for each time-slot do

8 Vs, v5, compute ;5 via (1).

9:  Initialize W,y,.

Detect the cluster structure at current time-slot At by

using BCM.

: end for

: Use ISAE to train cluster data at different time-slots
and compute the weight matrix W and the bias vector
b.

: Predict a cluster C(At + AT) at time-slot At + AT by
using W and b.

: Execute the conversion of predicted results with RSU I Ds
via (18)

: Get the road segment information of all the vehicles
located at the specific target prediction time.

existing algorithms are available using different technologies
such as the RFID technology through which the generic
vehicle v; exchanges location information with its neighbors
at the time-slot At; then, the updated location information and
signal strength are stored in the following sets:

{i={1,2,---,Vap} | id: v, (Ing?", lat?")} (19)
{i={1,2,-- ,Vip} | id : vy, (P})} (20)

where V,,;, is the number of vehicles in the neighborhood of
vehicle v;, Ing and lat represent the longitude and latitude
coordinates, P; is the received power in dBm. Then the current
location of vehicle v; can be computed.

2) Future precise location: Regarding the future precise
location, the existing algorithms mentioned above are able to
make short-term predictions, which are beyond the scope of
this paper. In contrast, long-term precise location prediction
cannot be achieved due to the lack of required environmental
information near the prediction time. Therefore, the center
of located road segment obtained by long-term prediction of
CLPL is considered as the precise location of the vehicle
at the prediction time. In this case, the length and width of
road segment determines the range of the localization error,
which is limited to half the length of the diagonal of the road
segment.
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D. Complexity analysis of CLPL

Complexity analysis is mandatory to shed light on the
actionability of the proposed approach [43], thus the com-
plexity of CLPL is analyzed for each of the two processes:
clustering and localization. Supposing each RSU covers an
average of Vp vehicles and the presence of R RSUs in the
network involved into the clustering process, the maximum
number of connections to discover the correlations between
clusters is RV (RVr—1)/2. In addition, considering the worst
case for calculating behavior correlation between each pair
of vehicles in the re-clustering phase, the number of inter-
cluster correlations does not exceed RVy(RVRr — 1)/2, thus,
the complexity of CLPL’s clustering process is O(RVi(RVg—
1)/2 + RVR(RVR — 1)/2) whose order of magnitude is
quadratic and dominated by O(RVz)? where the product RVg
is simply the total number of vehicles in IoCV.

The clustering process of the CLPL scheme is centralized
and its complexity increases with the increasing number of
vehicles; thus considering that the correlation between vehicles
far away is very low, a large area can be divided into sub-
regions to improve the scalability of CLPL. For example, the
area of a state can be divided according to the boundaries of its
cities. Each intra-subregion performs a centralized clustering
while different subregions run in a distributed manner.

Regarding the complexity of the localization process of
CLPL, the analysis is based on the assumption that f hidden
layers are supported by the scheme and each hidden layer
have Np nodes. N samples are adopted to feed-forward
calculations and (f 4 2) matrix operations are performed (i.e.,
multiplication operation between a vector and a matrix). Since
the number of nodes from the input layer to the final output
layer (N, and N,,,;) are deterministic and can be considered
as constants, the complexity of the feed-forward computation
is O(N;p - N+ Np - N + ... + Np, - Noyt) which can be
represented as O(N - ((f + 2) - N?). Moreover, due to the
symmetric nature of the process, the complexity of the reverse
propagation is the same as the feed-forward. According to
the previous considerations, the complexity of the localization
process is also quadratic in terms of magnitude order and it is
dominated by O(Ny)?. Finally, we can argue that the overall
complexity of CLPL is O((RVg)?+(Np)?). It is worth noting
that, although the overhead of CLPL increases with the number
of vehicles, an algorithm with such complexity can easily be
supported by modern high performance computing platforms.

In terms of the time complexity of SPC and MPBC,
assuming that the number of vehicles is regarded as N, the
time complexity in SPC and MPBC can be represented as
O(N) and O(N?).

VI. EXPERIMENTS AND RESULTS

In this section, simulations are carried out to evaluate BCM
and CLPL in terms of several performance criteria and the
obtained results are discussed in detail.

A. Experimental Dataset

In our experiments, BCM and CLPL have been tested by
using real datasets of vehicles of Nanjing and Chengdu, China

and LA and Tampa, USA. The data maps and datasets of four
areas have been imported in Eclipse software and processed
by Eclipse and MongoDB database. All major roads in the
region are divided into consecutive road segments with unique
IDs. The length of road segments is set as 30m, 50m, 70m and
90m for different evaluations. Every road segment is deployed
one RSU. Assume that there are enough 5G base stations to
provide seamless link communication services in these four
areas. The number of vehicles and the hidden layer are given in
TABLE II and III respectively. It is worth noting that all kinds
of traffic information are extracted from these real datasets
instead of being set. We first used the BCM scheme to correlate
vehicle behaviors. Then, the data of the first eleven and a half
months is regarded as the input of Fig. 4 for training, which
in turn predicts the future locations (output in Fig. 4). The
predictions are then validated and compared to the historical
data in our data set.

As an illustration, the historical and one-day-later predicted
vehicle location of Nanjing at 10:00AM on December 18, 2017
are shown in Fig. 7. In particular, Fig. 7(a) shows the actual
vehicle distribution in part of the experimental region based
on dataset records while Fig. 7(b) presents the distribution of
vehicles predicted by using CLPL with all historical records
before 10:00AM on December 17, 2017.

B. Clustering Accuracy of BCM

The evaluation of BCM consists of two parts: self-
comparison using different parameters and comparison with
other two methods, namely SPC [26] and MPBC [27]. Several
control parameters have been used: -y is the degree distribution
exponent that reflects the probability of forming clusters in the
network with average degree k;! /3 is the exponent of cluster
size distribution that allows us to adjust cluster size; m,, is
the weight parameter of mixed clustering, with m,, of edges
connected to the nodes in other clusters (and 1 — m,, with
those within the same cluster); p is a mixing parameter to
represent the mixing degree between different clusters formed
in IoCV.

Two performance metrics are used for comparison: Normal-
ized Mutual Information (NMI) and modularity Q. NMI [44] is
one of the commonly used indicators for evaluating clustering
algorithms, which reflects the similarity between the under-
lying cluster structure of a network and the cluster structure
actually formed by the algorithm. The value of NMI more
closer to 1 means better clustering result.

We also adopt modularity @) to quantify a vehicle clustering
structure, as in Eq. (4). Edges connected to vehicles in cluster
1 have different weight values. The weight value is 1 if two
vehicles linked by this edge are in the same cluster, otherwise
is 0.

NMI results are compared in Fig. 8 for different control
parameters. Overall, NMI of all schemes, BCM, SPC, and
MPBC lowers as p increases. BCM can be seen as consistently
outperforming SPC and MPBC for about 30%.

I The average degree is equal to the sum of the degrees of all nodes divided
by twice the number of nodes; the degree of a node is the sum of the indegree
and outdegree of the node in the directed graph.
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Fig. 7: Illustration of vehicle location distribution for 10:00 AM on December 18, 2017. a) Actual distribution; b) Predicted
by our schemes based on the training of January 1, 2017 to December 15, 2017

TABLE I: The average size, standard deviations of size, minimum size, and maximum size of clusters during 1250-4000

seconds.

Name BCM

SPC MPBC

960.17/72.57/1125/900
430.00/31.21/500/393
3234.08/425.04/4250/2831
115.25/16.51/145/96

Nanjing vehicle network
LA vehicle network
Chengdu vehicle network
Tampa vehicle network

1140.75/108.94/1320/1000
437.25/43.94/565/390
3417.33/580.07/4490/2710
116.83/17.88/158/92

1025.25/83.14/1208/925
437.17/41.19/520/389
3473.00/599.49/4612/2635
117.58/17.60/166/97

Normalized Mutual Information
Normalized Mutual Information

01 02 03 04 05 06 07 08 01 0.2 03 04 05 06 07 08

Mixing Parameter u

(@ v=2,8=1m, =01

Mixing Parameter ju

(b) y=3,8=2,my =05

Fig. 8: Performance evaluation of BCM with different control
parameters

In next experiments, the algorithms have been further dis-
cussed in case of v = 2, 8 = 1, and m,, = 0.5. The number of
clusters of four vehicle networks for BCM, shown in Fig. 9(a)
to (d), started much higher than the other two schemes, but
quickly dropped off and stabilized at around 870, 410, 3000,
and 105. Instead, both SPC and MPBC saw large fluctuations
due to vehicle mobility. In Fig. 9(e) to (h), cluster formation
delay increases with i, due to increasing community structure
complexity. BCM is shown to enjoy about 15% shorter delays
than SPC, which is about 40% better than MPBC.

In TABLE I, we show the average size, standard deviations

of sizes, minimum size, and maximum size of clusters formed
by all compared techniques during 1250-4000 seconds. It can
be seen that the BCM scheme has the smallest and most stable
result compares to SPC and MPBC. However, it should be
noted that TABLE I only shows the stabilized results. As
discussed above, BCM assumes each vehicle as one cluster
at the beginning of the algorithm execution and its number of
clusters decreases quickly, as shown in Fig. 9(a) to (d).

The comparison results of cluster formation delay and
modularity ¢Q for BCM, SPC, and MPBC in the four real
networks are given in TABLE II. In general, cluster formation
delays are longer and modularity () values are smaller when
networks are more complex. BCM is shown with shorter
cluster formation delay and better modularity () for all five
real datasets, some of which are complex. Compared with
other two techniques, BCM stabilizes faster and obtains fewer
clusters, making it suitable for long-term prediction and large-
scale network applications.

The time and space complexity of BCM, SPC, and MPBC
are analyzed. N, represents the number of time-slots, BCM
has an initial complexity of N? in order to compute the
adjacency matrix. Then it needs ((N; — 1)N?) computations
in the following N, time-slots to rebuild the matrix, so it has
O(N;N?) time complexity. The space complexity of BCM
s O(N?) because only the latest matrix is stored. For SPC,
both calculating the social behavior and comparing the states

TABLE II: Cluster formation delay and Modularity ) comparisons for BCM, SPC, and MPBC under the four real datasets

Name Nodes Edges BCM SPC MPBC
Nanjing vehicle network 7,690 27,561 2.22/0.42  3.70/0.39  4.20/0.38
Chengdu vehicle network 33,964 103,245  5.35/0.32  6.20/0.29  6.89/0.27
LA vehicle network 3,233 12,325 1.23/0.48  1.62/0.45  2.03/0.43
Tampa vehicle network 873 3,386 0.31/0.55 0.42/0.53  0.51/0.49
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Fig. 9: Number of clusters and cluster formation delay comparison. Nj: Nanjing, China. LA: Los Angeles, CA, USA. Cd:
Chengdu, China. Ta: Tampa, FL, USA.
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We compared CLPL with two techniques: CVLA [28] and
NAL [29]. CVLA incorporates digital maps in map matching Fig. 10: NMI performance comparison for CLPL, CVLA, and
and uses vehicle-to-vehicle communication to improve ego NAL with different average degrees. Note that the results have
positioning. NAL employs a two-stage Bayesian filter to track been plotted starting from 0.5 for better clarity.
vehicle locations, without the help of GPS data.

We compare these schemes mainly in terms of matching
rate, simply defined as the ratio of vehicles that are predicted  gjof, j.e., the duration of the minimum processing time unit
to be in the same road segments as they really are and the  rather than the predicted time. In CLPL experiments, the time-

total number of vehicles that we investigated. slot duration is set from 0.5 minutes to 4.5 minutes, and
) ] the number of hidden layers varies from 1 to 8, and the
TABLE III: Parameters for different scenarios number of hidden units is selected between 100 and 1,000
¢ (minutes)  Hidden Layer Hidden Units with 100 increments. TABLE III summarizes the most suitable
1.0 4 [400,400,400,400] architectures in different scenarios. For instance, when ( = 3.0

2.0 5 [300,300,300,300,300] inut th b £ hidd 1 is 6 d h 1
30 6 [400.400,400.400.400.400] minutes, the number of hidden layers is 6 and each layer

4.0 6 [500,500,500,500,500,500] contains 400 units.

In Fig. 10(a) to (d), we compare CLPL, CVLA, and NAL for

In order to predict the vehicle location distribution, it is NMI performance with different average degrees k. CLPL was

necessary to consider the time-slot duration ¢, the number of able to achieve consistently higher NMI compared to CVLA
hidden layers, and the number of hidden units contained in and NAL, mainly thanks to BCM.

each hidden layer. Note that ( is the duration of the time Fig. 11(a) to (d) shows how the number of hidden layers
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TABLE IV: The comparison of average matching rates among CLPL, CVLA and NAL under different ¢ (%)(Nj/LA/Cd/Ta)

¢ (minutes) 0.5 1.0 1.5 2.0 25 3.0 35 4.0 4.5
CLPL 80.9/75.5/85.1/68.9  85.0/79.8/88.2/71.2  88.5/83.2/89.47/75.5  92.2/86.3/93.1/80.1 ~ 93.2/90.4/95.9/82.5  94.9/92.1/96.8/84.0 = 92.5/89.8/94.1/85.3  91.0/87.3/93.5/77.8 ~ 92.1/85.1/91.3/74.7
CVLA 60.2/55.5/68.1/49.2  63.5/59.3/71.8/53.1  69.8/63.1/75.5/57.7  75.2/70.3/80.1/63.6 ~ 78.4/77.2/85.0/68.7 ~ 82.6/80.1/88.3/72.5  75.1/79.9/87.9/75.5  70.3/75.1/82.3/71.3  73.2/71.2/78.8/68.5
NAL 50.4/43.2/56.3/38.0  52.0/48.1/64.5/42.1  60.0/50.2/70.3/46.8  65.8/59.4/78.3/50.2  78.2/62.1/82.4/59.3  75.6/66.6/83.5/64.7  74.0/70.2/79.2/63.9  73.1/68.7/75.0/58.0  71.5/65.3/72.9/55.3
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Fig. 11: Matching rate of CLPL for different ¢ values

influences matching rate for different time-slot durations. For
the 1.0-minute, CLPL with four hidden layers achieves the best
performance, while CLPL with five layers has the best results
for 2.0-minute, CLPL with six layers has the best results for
both 3.0-minute and 4.0-minute. The difference of optimality
with respect to the number of hidden layers could have been
caused by the counteracting impacts of error reduction and the
so-called “overfitting” phenomenon.

TABLE IV summarizes matching rates of the three algo-
rithms with different time-slot durations. It can be seen that
matching rates generally increase with ¢ until around ¢ = 3.0
and then they decrease as ( further increases. The increasing
¢ introduces more history information of vehicle location in
each time-slot, which leads to a more stable cluster structure
and more accurate prediction result. However, the input data
points for predictive localization decrease with the increasing
C. If ¢ exceeds a certain value, the prediction performance of
CLPL deteriorates. In our experiments, ( = 3.0 is the turning
point. Therefore, we will focus on ( = 3.0 henceforth unless
specified otherwise.

Fig. 12(a) to (d) compares one-day-later prediction matching
rates of the three algorithms with ¢ = 3.0 minutes as the time-
slot duration, showing that both CVLA and NAL are inferior
to CLPL. Other ¢ values returned similar comparisons and
have been omitted due to page limit.

Furthermore, the performance of CLPL is also evaluated
in terms of vehicle location displacement and vehicle arrival
time displacement. Vehicle location displacement refers to the
number of road segments between the located road segment
and the predicted road segment of a vehicle. As shown in
Fig. 13 (a) to (d), the horizontal axis represents the vehicle
location displacement while the vertical axis represents the

Matching Rate (%)
Matching Rate (%)

$ & & & & & & & © ®© $
s s s 5 s 5 $ s s
& 8 < o 8 & K. & & o & &

(a) Nanjing (b) Los Angeles

Matching Rate (%)
Matching Rate (%)

N N & & & S

& S o o o
& & & & &

(©) Chengéu

Fig. 12: Matching rate comparisons of CLPL, CVLA, and
NAL with { = 3.0
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Fig. 13: The vehicle location displacement analysis with L, =
30 m

corresponding probability mass function. In this case, the
probability mass function is observed under the length of the
road segment L, = 30m (again, similar comparisons have
been observed for L, = 50m, 70m, and 90m, but omitted
due to page limit). A clear advantage of the CLPL can be
observed in Fig. 13, with much smaller probability masses
other than zero displacement, i.e., accurate prediction.

In TABLE V, the average and the standard deviation of the
probability mass function decrease with the increasing lengths
of L,; lower average values represent a lower vehicle location
displacement while lower standard deviation values mean
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TABLE V: The analysis of average and standard deviations under different L, (Nj|LA|Cd|Ta)(average/standard deviation)

Ly (m) 30 50

70 90

CLPL  0.90/0.95/0.86/0.911.10/1.25[0.68/0.78
CVLA  1.97/1.40(1.88/1.35|2.34/1.91{1.58/1.12
NAL  2.29/1.51|2.03/1.44(2.98/2.25|1.73/1.34

0.75/0.87]0.72/0.85(1.02/1.13|0.62/0.75
0.96/0.98/0.89/0.84/2.12/1.79(0.69/0.79
1.01/1.00[0.94/0.89]2.45/2.03/0.78/0.82

0.66/0.81]0.59/0.78]0.95/1.03]0.53/0.66 0.52/0.72]0.49/0.67]0.87/0.98]0.42/0.58
0.93/0.96|0.85/0.83|1.86/1.680.62/0.70  0.85/0.92/0.79/0.73[1.75/1.57|0.58/0.62
0.96/0.98/0.88/0.90]2.13/1.89]0.75/0.72 0.90/0.95|0.83/0.87|1.86/1.76|0.63/0.65

TABLE VI: Probability comparison with no vehicle arrival time displacement under different ¢ (Nj/LA/Cd/Ta)

( (minutes) 0.5 1.0 1.5 2.0 25 3.0 3.5 40 45
CLPL 0.798/0.618/0.852/0.681  0.854/0.541/0.882/0.708  0.890/0.759/0.930/0.753  0.917/0.813/0.961/0.776  0.923/0.823/0.972/0.791  0.924/0.837/0.976/0.795  0.927/0.840/0.978/0.799  0.929/0.846/0.981/0.804  0.932/0.851/0.984/0.811
CVLA 0.603/0.543/0.681/0.592  0.638/0.604/0.749/0.631  0.703/0.652/0.812/0.659  0.754/0.688/0.843/0.683  0.761/0.710/0.863/0.697  0.763/0.719/0.871/0.703  0.766/0.723/0.875/0.708  0.770/0.725/0.881/0.715  0.777/0.729/0.886/0.720

NAL 0.496/0.421/0.546/0.491  0.523/0.479/0.592/0.530  0.646/0.521/0.657/0.571  0.733/0.584/0.692/0.594

0.743/0.613/0.715/0.606

0.764/0.626/0.719/0.609  0.787/0.630/0.726/0.614  0.799/0.637/0.730/0.621  0.822/0.643/0.838/0.627

that the probability mass function distribution is relatively
concentrated (i.e., the vehicle location displacement is mainly
around zero). CLPL has the least vehicle location displacement
in all of the considered scenarios.

Since we are working on the prediction of the future vehicle
location, we also need to take into account the possibility
that vehicle may not arrive at the predicted road segment on
time: early, delay, even never pass through the predicted road
segment (i.e., the arrival delay is considered as infinite). In
such cases, the vehicle arrival time displacement is defined
as the time-slot deviation between the arrival time and the
predicted time when a vehicle reaches the road segment.
Assuming that ¢ represents the arrival time of the vehicle ¢
while tf is the predicted time of the vehicle ¢; the vehicle
arrival time displacement is evaluated by [A/At], which
computes the number of deviated time-slots. Here, A = t¢ —¢%.

10 1
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Fig. 14: Vehicle arrival time displacement analysis with ¢ =
3.0

As shown in Fig. 14 (a) to (d), the horizontal axis is the
vehicle arrival time displacement while the vertical axis is the
corresponding probability mass function. Again, CLPL results
are concentrated in zero arrival time displacement.

TABLE VI summarizes the probability mass function with
zero vehicle arrival time displacement for the three algorithms,
showing CLPL outperforming CVLA and NAL for about 30%
and 60%, respectively.

Fig. 15 shows a bar graph to compare the average time
of each iteration and the number of iterations for these three

schemes with increasing number of vehicles. These results
are obtained by predicting locations after only one time-slot.
The 95% confidence intervals are also shown with these bars.
The result of multiplying them is the time spent for the
prediction, which will increase with more time-slots included
in the interval between the predicted time and the current
time. It should be emphasized that the execution of CLPL can
obtain the location of all vehicles at the same time instead
of calculating separately for each vehicle. Computational cost
generally increases with the number of vehicles, but CLPL is
shown to have much lower costs.

VII. CONCLUSION

In order to obtain the location distribution information of
vehicles in IoCV, we have analyzed the behavior correlation
between vehicles. Then, a Behavior-based Clustering Method
(BCM) has been designed to classify vehicles into clusters
based on such a correlation. With BCM, we have further
proposed a CLPL scheme to train on past data and provide
long-term vehicle location distribution in IoCV. CLPL is able
to obtain future vehicles’ location distribution based on large
amount of training data feeded into the multi-layer ISAE.

Extensive experiments have been conducted to evaluate
BCM and CLPL. We have compared BCM with SPC and
MPBC, mainly in terms of cluster formation delay and mod-
ularity ). Although the BCM scheme has higher time and
space cost, it is shown to be able to quickly stabilize with
smaller number of cohesive clusters while starting with a
large number vehicles. Vehicles ID, historical location, and
the latest matrix are recorded using cloud storage. Considering
the benefit of further storing data longer than one year to
diminish rather quickly with time, the storage requiremen-
t is not excessively large in BCM. However, the balance
of the storage requirement and prediction accuracy is not
solved yet, and we leave this to our future work. The CLPL
scheme has been compared with CVLA and NAL, mainly
in terms of matching rates, vehicle location displacement,
vehicle arrival time displacement, as well as computational
time. We have shown that CLPL has a better matching rate,
smaller vehicle location displacement, smaller vehicle arrival
time displacement, and lower computational time, making it
a great candidate for large-scale long-term vehicle predictive
localization.

As a future direction, we plan to address the issue of
dynamic adjustment on ¢ and the number of hidden layers
possibly using past data.
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