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Abstract: Complete vehicle trajectory data is essential for urban traffic flow modeling studies. This study proposes a
framework for filling vehicle trajectories in spatial and time for automatic vehicle identification (AVI) data. Based on the
particle filter, the dynamic correction factor is innovatively used to improve algorithm accuracy. After four resamplings,
such as traffic situation index and traffic event factor, spatial trajectory filling is completed. The Copula function fills the
time trajectory by analyzing the correlation between upstream and downstream paths. Finally, the experiment was con-
ducted in Xiaoshan District, Hangzhou, China. The results show that for spatial trajectory filling, the average accuracy
exceeds 97% with 75% camera coverage. In time trajectory filling, the time trajectory filling error is reduced by 35%
compared to the Hellinga algorithm.
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1 Introduction particle filtering algorithm to accomplish vehicle spatial
) . L trajectory filling. Existing studies, with limited capacity
Automated vehicles play an essential role in improv- ) ]
. . . . for urban traffic data collection and analysis, sample the
ing road safety, increasing traffic efficiency, and promot- R 1 N N ] d .
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ing the development of intelligent mobility. On urban fmportance ot particies through static road fetwor

. . .. structural features, such as gravity flow models and jour-
roads, vehicles using autonomous driving technology ’ gravity J

and traditional vehicles driven by humans will run to- ney time consistency, without considering dynamic road
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gether for a long time, resulting in high costs for traffic network operations-event data for resampling™. The av

. . o .
flow data acquisition'. At present, automatic vehicle %8¢ spatial filling accuracy exceeds 97%, which was

identification systems are commonly installed at inter- significantly improved compared with the static particle

sections of large cities in China. Compared with other filter model.

traffic collection sources, AVI data has the advantages of This study uses the Copula function to fill vehicle

easy access, rich data format, and long collection dura- track time. Existing studies perform vehicle trajectory

tion. However, due to equipment constraints and other
factors, there are incomplete, duplicate, and unavailable
data that defy the laws of physics. The results of filling
in the spatial and time trajectories of vehicles can
provide data support for studies such as the modeling of
mixed traffic flows at this stage.

This study proposes a framework for filling vehicle

time and spatial trajectory data, which uses a dynamic

time filling for floating vehicle data and do not consider
the correlation between upstream and downstream traffic
on the path®. In the study, it is found that there are many
phenomena in the upstream and downstream traffic flow
of urban road networks. Modeling the correlation betw-
een upstream and downstream traffic flow can effect-
ively improve the accuracy of vehicle time trajectory

filling. This study uses dynamic road network operation
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characteristics to optimize vehicle congestion probabil-
ity and parking probability calculation on urban roads.
The correlation between upstream and downstream
traffic flows on urban roads is also described using Cop-
ula functions to complete the vehicle time trajectory
filling. The filling method using Copula functions has
been tested to reduce errors by over 35% compared to
the Hellinga algorithm.

The content of this paper is as follows: Chapter 2
provides an overview of existing research on vehicle tra-
jectory filling. Chapter 3 presents the components of the
trajectory space and time-filling framework. Chapter 4
uses accurate AVI data from Xiaoshan District, Hang-
zhou, China, and introduces the evaluation details and
results. Chapter 5 summarises the conclusions drawn
from this study and suggests future research directions.

2 Literature review

Researchers in different countries have carried out
several studies related to the filling of vehicle trajector-
ies. Feng et al.!”) used particle filter theory to estimate
vehicle trajectories in combination with five trajectory
correction factors (i.e., path consistency, AVI measurab-
ility criterion, travel time consistency, gravity flow mod-
el, and path-link flow matching model). Tang et al.”* ad-
ded a degree of randomness to the resampling process of
correction factors containing subjective factors in the
particle filter to simulate the subjective behavior of
vehicles. Qi et al.’) used an improved K-Shortest Path
(KSP) algorithm to generate candidate trajectories based
on spatiotemporal prism theory and proposed decision
metrics such as travel time consistency and path prefer-
ence as multiple attributes in the self-encoder model to
fill incomplete vehicle paths. Chen et al./ built an exten-
ded variational solution network and used Kalman filter-
ing to characterize the stochastic property of queueing
boundary curves to fill the vehicle trajectories at the in-
tersection. Xiao et al.”! propose a bidirectional RNN-
based algorithm for reconstructing personal car trajector-
ies by introducing neural arithmetic logic units (NALUs)
into the trajectory filling model to enhance the extrapola-
tion capability of neural networks and ensure the accur-
acy of trajectory prediction. Zhang et al.”™ use hybrid at-
tention consisting of multi-headed attention and dynam-

ic convolution to learn the contextual structure of inter-

sections in vehicle trajectories to fill incomplete vehicle
trajectories. The decision features used in the above stud-
ies are based on static roads network structures such as
lane width and number, ignoring the dynamic operation
of the road network and the dynamic characteristics of
vehicles operating on the road network. This paper pro-
poses dynamic and static correction factors by describ-
ing the static and dynamic road network operation char-
acteristics. The refined description of the road network
traffic operation state effectively improves the accuracy
of spatial trajectory filling.

Chen et al.”’ used a Copula function to model the road
segment travel time distribution based on spatial correla-
tion. The Copula function method has advantages over
convolutional and empirical distribution fitting methods
that do not capture the correlation of road segments.
Hellinga et al.”! define a likelihood function based on the
stopping probability and congestion of vehicles on each
road section, and obtain the most reasonable travel time
for the road section by solving for the maximum value of
the function. Tang et al.'” use a third-order tensor to
model the travel times of different road sections under
different traffic conditions during specific periods. The
missing entries in both tensors were estimated by a con-
textual tensor factorization method to obtain the travel
times for any road section in the urban road network.
Most of the above studies are data-driven travel time es-
timation methods, which require simulation of the entire
regional road network to obtain data on actual traffic
conditions, such as signal timing. In practice, signal tim-
ing data is challenging to obtain, making the above
method challenging to apply to large-scale urban road
networks. The study found that the vehicle time traject-
ory filling error could be effectively reduced by model-
ing the upstream and downstream traffic travel time dis-
tribution in the absence of traffic signal timing data. This
study proposes using Copula functions to model the cor-
relation between upstream and downstream traffic flows,
further improving the accuracy of filling vehicle time
trajectories.

3 Methodology

3.1 Description of the problem

The framework for filling the spatial and temporal tra-
jectory of the vehicle is briefly described below, as
shown in Figure 1(a). The blue bolded line segment in
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Figure 1 shows the vehicle trajectory information recor-
ded in the AVI data, including the license plate number,
the number of the intersection, and the time of passage
through the corresponding intersection. AVI has diffi-
culty capturing complete vehicle trajectories due to

factors such as intersection camera coverage and license

plate recognition rates. As the network size increases, the
trajectory-filling algorithm becomes more complex. The
main work in this paper is to complete the filling of the
spatial and time trajectories of the vehicles. The com-
plete trajectory data can be used as a basis for sub-
sequent studies.
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(a) Example of vehicle trajectory

(b) Xiaoshan Road network, China

Fig. 1 Vehicle trajectory filling area

3.2 General framework

This study aims to fill in the AVI data. The frame-
work for filling vehicles’ time and spatial trajectories is
outlined below. The framework for filling trajectories
consists of two parts. The first part completes the vehicle
space trajectory filling. The particle set is first initialized
using the depth-first algorithm. The actual state-space
probabilities of these particles are then updated using
two dynamic correction factors and two static correction
factors. These correction factors are the traffic pattern in-
dex, the traffic event situation, the path size, and the path
consistency factor. After four resamplings, the trajectory
with the highest particle aggregation number results from
filling the vehicle spatial trajectory.

The second part completes the vehicle time trajectory
filling. Stopping probabilities and congestion levels on
road sections are modeled based on dynamic road net-
work operating characteristics. Each road section's most
probable travel time is obtained by solving for the max-
imum likelihood function. The correlation between up-
stream and downstream traffic is then modeled using the
Copula function to complete the vehicle time trajectory
filling.

3.3 Module 1: Particle filtering module

In particle filtering theory, sets of particles are usually
built to represent particles with different state probabilit-
ies. The distribution is represented by extracting particles
with random states from the posterior probabilities. The
random variables in the non-parametric particle filtering
algorithm do not have to obey a Gaussian distribution.
Particle filtering has a solid ability to model parameters
in non-linear systems!?.
3.3.1 Initializes the set of particles

This study obtains a sufficient number of paths using
the depth-first algorithm as the initial particle set. The
prior probability of the particles is then set to 1/, where
1 is the number of particles in the particle set.
3.3.2 Importance sampling

This study assumes that the importance of initial par-
ticles obeys uniform distribution. The sampling equation
of the importance of path consistency is shown in Equa-
tion (1).

P[yt:t+At | )AC(li)] P[fc(li) | xg)]

W =Wy x D0
q[xl Ix() 7yl:t+Al]

1 0

, (1

where the explanation of the variables is shown in List of

symbols and abbreviations.
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After the path consistency resampling, two dynamic
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correction factor resamples and one static correction
factor resample are completed. The trajectory is filled
with the maximum number of particles aggregated.

3.3.3 Dynamic correction factor

Different from using static road network characterist-
ics as resampling indicators, this study proposes to resam-
ple the importance of particles from dynamic road net-
work operation characteristics to obtain trajectory-filling
results that match the actual road network operation.
This study proposes two dynamic correction factors: the
traffic situation index and the traffic event factor.

(1) Traffic Situation Index. Within a local road net-
work, traffic flow on a congested section is more signi-
ficant than on a clear section. The more likely the sec-
tion is to be chosen by drivers, the more likely it is to be
an actual trajectory. There are four traffic dynamics
levels: unimpeded, slowdown, congestion, and heavy
congestion. The traffic pattern is described in terms of
Trg and is defined in Equation (3).

ZjeC46ij

S heavy congestion

3)

Its =

When the Its value of a road section is higher, the
higher the traffic flow on the road section, the more
vehicles will drive over that road section, and the more
likely the trajectory will be an actual trajectory. A logit
model describes the traffic dynamics in Equation (4).

1 minjeM(Si,s)—Si,S

1
S = [T GoBT” (4)
(2)Traffic Event Factor. Urban roads are often subject
to traffic control for reasons such as construction work
and the holding of significant events. Alternate trajector-
ies should not pass through traffic-controlled roads. His-
torical road event information includes road name, event
type, event start time, and expected event end time. The
probabilistic update process follows an all-or-nothing al-
location. The probability update formula is given in

Equation (5).
{ P{n =0, when Ny € Ny, )

P;n =1, when Ny € Ni.

3.3.4 Static correction factor

This study completes static importance sampling re-
garding path size and consistency factors.

Path Consistency Factor. Partial trajectories captured
by AVI data exist in the set of possible path trajectories,
so path consistency analysis aims to match partial tra-
jectories to complete trajectories. The probability update
formula is as follows.

{ Pj\,ct =1, when Ny € N,

,. ©)
Pth =0, when Ny ¢ Nt

Path Size The index path size was proposed by Tang
et al.'" in the path size logit model. Pfas was used to de-
scribe the path size of possible trajectory i, as defined in
Equation (8).

: 1 1
P = — 7
P Zkeri (Li) 2 jeC, Okj @)

; exp| = X
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P =

2 max jep (Si',s) - minjEM(
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I, maxjey (Si)s) = minjEM (Si’s)

3.4 Module 2: copula function module

This section describes the work involved in filling in
vehicle time trajectories. Firstly, AVI data describes the
method of assigning travel times between intersections.

The path travel time can be divided into three com-
ponents, namely the free-flow travel time 7¢ (lk,,-, j), the
stopping time 7 (lk,i, j) and the congestion time 7 (lk,,; j).
The calculation of the path travel time between two con-

secutive data collection points is shown in Equation (9).

thitl = i = lejz(];i)l {Tf (lk,i,j) +7 (lk,i,j) +7¢ (lk,i,j)} )

Considering that the AVI data collection point is the
beginning or end of the road section, this study reduces
the power of the calculation method for congestion time
Te (lk,i,j) and stopping time 7 (lk,,-,‘,-). The traffic pattern
index /15 mentioned above is also used to effectively im-
prove the accuracy and operational efficiency of the al-
gorithm.

The calculation of 7. (lk,,-, j), H; (lk,,», j,w), and Qs (k,i) is
carried out using the traffic situation index /15 so that the
calculation results are in line with the operational charac-

teristics of the dynamic traffic road network. The for-
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mula for calculating the free-flow travel time 7¢ is shown
in Equation (10).

|I(na,np )l
= ————. 10
' S t(ainp) (10)
The congestion time 7. (lk,,-, j) on road segment j is cal-
culated as shown in Equation (11).

(k.0 .
Do PolkiwPullii o)

Its
)= [ S
(11)

where w is the congestion level indicator, as defined in
Equation (12).

S i)

— J=0
W= oD : (12)
Zj_ {7c (lk,i,j) + 71 (lgi )}

=0

The stopping time 7 (lk,,; j) on road segment j is calcu-
lated as shown in Equation (13).
PW (k9 i7 W)Ps(lk,i,j7 W)
Qs(k, i)

where 7, is the total stopping time on path ri(tx,?ki+1)

; (13)

Ts (lk,i,j) =Ts

and is calculated as shown in Equation (14).

Ts = tiivl = li— lejz(:i)l e (ti )} = e (14)

The other symbols in Equation (10) are defined as
shown in Equation (15) to Equation (20).

¢ (lk,i,j)
Okirj = 17000 , (15)
Do Tl
w (k.0
Te= 10 2y (ki) (16)
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Py (lk,i,j,W) = H(lii jsw) nl# {1 = Hy(Ix.i js W)}, (18)

Hq (I jow) = w(l—w)(1-e™), (19)

) Its . J (ki)
0s (ki) = [ " Pulkiiow) Y- Pllijowydw. (20)
The calculation of the travel time on each section j in
the route r¢(#,ti+1) 1s given in Equation (21).

t(lk,i,j) =Tt (lk,i,j) +7 (lk,i,j) +7c (lk,i,j)s
]:],2,3,,|](k,l)| (2])

The following introduces the modeling of the correla-
tion between upstream and downstream traffic flow on
urban roads using the Copula function.

The joint distribution F(X;,X2,---,X,) of any n vari-
ables can be described by a series of marginal distribu-
tions and a deterministic Copula function, with the prob-

ability density equation given in Equation (22).
f(xlv-XZs""xl’l;g) =

CLF1 (x1,01), F2 (x2,62),+ F (5, 0301 [ | fix 600,
(22)

where, f;(x;) is the edge distribution function; F;(x;) is
the cumulative probability distribution function corres-
ponding to the edge distribution; 6 is the set of paramet-
ers of the Copula function; C(-) is the Copula density
function, which is given in Equation (23).
CLF1(x1), Fo(x2), -+ s Fu(xn)] =
OC[F1(x1), F2(x2), -+, Fn(xn)]
OF 1 (x1)0F2(x2),+++ ,0F (xn) |

(23)

Constructing a Copula function is generally a two-step
process. Firstly, the road section travel time distribution
needs to be determined and fitted to the travel time dis-
tribution of each road section. Experimentally, some sec-
tions of Hangzhou Xiaoshan District travel times follow
the LogLaplace distribution, Beta distribution, StudentT
distribution, or Gamma distribution. Secondly, an appro-
priate Copula function is selected to model the correla-
tion between the traffic flow on the upstream and down-
stream sections. The Gaussian and Frank Copula func-
tions fit the adjacent section journey time distribution
better!'?,

Finally, the actual travel times and Copula functions
are used for sampling. Vehicle time trajectory filling res-
ults matching upstream and downstream traffic charac-
teristics are obtained. At this point, this chapter presents

a complete framework for filling vehicle spatial and time.
4 Case study

In order to calibrate the effectiveness of the frame-
work proposed in this study for filling the spatial and
temporal trajectories of vehicles in real road networks,
experiments were conducted using the AVI dataset from
Xiaoshan District, Hangzhou, China. The time interval
for the data was from 1 to 7 March 2019, and the experi-

mental area is shown in Figure 1(b), with a total of 1,412
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traffic cameras installed within the area. This chapter
first introduces the pre-processing data methods and then
tests the effect of filling in the vehicle’s spatial and tem-
poral trajectories, respectively. The data source for the
traffic situation index and traffic event factor is AMAP.
4.1 Data pre-processing

This study uses software such as pandasql to pre-pro-
cess the data. The raw data consists of vehicle informa-
tion tables and camera information tables. The vehicle
information table includes the license plate number, the
time of passing the intersection, the vehicle type, and the
camera ID. The camera information table includes the
camera ID and coordinates of the intersection where the
camera is located. The trajectory of each vehicle, as cap-
tured by the traffic cameras, is first obtained from the
vehicle information sheet. The coordinates of the camer-
as are then matched to the nodes of the road network to
obtain a list of intersection numbers through which the
vehicles have passed.

Due to the limitations of image recognition techno-
logy, the number plates of some vehicles cannot be cap-
tured clearly, resulting in possible errors in plate number
matching and abnormal path travel time data. The paper
eliminates paths where the time interval between vehi-
cles passing through 2 intersections is more than 10 min.
4.2 Spatial trajectory filling experiments

The complete vehicle trajectory is first extracted from
the AVI dataset. To verify the effectiveness of the vehi-
cle spatial trajectory filling algorithm, it is assumed that
some of the intersections need to be equipped with cam-
era devices. For example, when the coverage is 50%,
50% of the intersections are without camera equipment,
which in this experiment is 706 intersections. These in-
tersections without cameras were removed from the
complete vehicle track to generate test samples. The tra-
jectory filling of the test sample is then completed using
the vehicle spatial trajectory filling method.

To verify the stability of the vehicle spatial trajectory
filling method, a total of 7 days of data from March 1st
to March 7th were selected for this study. One hundred
vehicle trajectories were selected for testing each day,
and 700 sets of test results were obtained. To test the per-
formance of the algorithm at different camera coverage
rates, this study completed experiments at 75%, 65%,
55%, and 45% coverage rates, with accuracy rates of

97.351%, 92.159%, 89.595%, and 85.919%, respect-

ively. The results are shown in Figure 2. The horizontal
coordinate indicates the trajectory number. The vertical
coordinate indicates the accuracy of the trajectory filling.

To verify the effectiveness of the algorithm, each ex-
periment was set to the same conditions, and calcula-
tions were performed using the shortest path algorithm
and the static particle filtering algorithm proposed by
Feng'®. The path-filling accuracy of the shortest path al-
gorithm and the static particle filtering algorithm was
87.092% and 81.88%, respectively, for 75% camera cov-
erage, and the results are shown in Figure 3. The results
illustrate that the particle filtering algorithm proposed in
this study using dynamic correction factors for res-
ampling has higher accuracy and stability and works bet-
ter in practical applications.
4.3 Time trajectory filling experiments

The experimental results of vehicle time trajectory
filling are presented below. The experimental results of
the vehicle time trajectory filling algorithm proposed in
this paper are compared with the real travel time, and the
time error of the trajectory to be filled is obtained.

Ejn,ny) 15 used to measure the accuracy of the time

trajectory filling results and is defined in Equation (24).

1 J Zil(TAr —Tr,)?

T ATi(ng,ny) N

Eigngmy) = (24)

The test data use 514 tracks filled out completely at
75% camera coverage. The calculations were performed
using the Hellinga algorithm and the time trajectory
filling method using the Copula function with an aver-
age error of 0.676 and 0.433, respectively. The experi-
mental results are shown in Figure 4. The horizontal co-
ordinate is the trajectory number. The vertical coordin-
ate is the result of the calculation of Ej,, ;).

It should be noted that the image is divided into four
sections, representing the four intervals of the track
travel time. The travel time of the tracks in the four
zones is less than 120 s, 240 s, 360 s, 480 s, and 591 s,
respectively. When the travel time is less than 120 s, the
error increases rapidly with the increase in the travel
time.

The experimental results show that compared with the
Hellinga algorithm, the average error of the time traject-
ory filling method using the Copula function is reduced
by more than 35%, which greatly improves the accuracy
of the algorithm. At the same time, the physical mean-
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in each section but also considers the degree of conges-

tion in the section. At the same time, the method is
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simple to calculate and does not depend on additional
data such as traffic conditions and signal timing. There-
fore, it has good adaptability to travel time modeling and
can be used to estimate the travel time of large, medium,

and small urban road networks.
5 Conclusions and future work

(1) This study proposes a framework for filling
vehicle trajectories in spatial and time for AVI data. In
terms of vehicle spatial trajectory filling, the resampling
process of the particle filtering algorithm was com-
pletely redesigned using the traffic situation index and
traffic event factor as dynamic correction factors. The
experimental results show that the particle filtering al-
gorithm using dynamic correction factors is extremely
accurate in filling in the spatial trajectories of vehicles.
In an open road network environment with 75% camera
coverage, the average accuracy exceeds 97%, which is a
substantial improvement compared to the static particle
filter model.

(2) In terms of vehicle time trajectory filling, the prob-
ability of stopping and congestion on a road section is
first modeled based on the operational characteristics of
the dynamic road network. The most probable travel
time for each road section is obtained by solving the max-
imum likelihood function. This study proposes to use the
Copula function to describe the correlation between the
upstream and downstream traffic flows to complete the
filling of the vehicle time trajectory. The experimental
results show that the error is reduced by more than 35%
compared to the results using the Hellinga algorithm.
Vehicle time trajectory filling using the Copula function
is simple and does not rely on data such as signal timing.
This method is suitable for filling urban vehicle time tra-
jectories of all sizes.

(3) The main shortcoming of the framework for filling
trajectories proposed in this study is demonstrated in the
area of time filling. The test results show a decrease in
accuracy as the number of vehicles passing through the
intersection increases. Future research could combine the
construction of smart cities and digital twins to optimize
time trajectory-filling algorithms using data-driven tech-

niques.
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