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Deep Trajectory Recovery Approach of Offline
Vehicles in the Internet of Vehicles

Xiao Han"”, Ding-Xuan Zhou"”, Guojiang Shen

Abstract—Multi-modal trajectory analysis and trajectory recov-
ery are essential tasks in transportation research, especially for of-
fline vehicles, which enable comprehensive understanding of com-
plex transportation systems and address the issue of incomplete or
missing trajectory data. In this paper, we propose a novel Deep Tra-
jectory Recovery Framework, DTRF, which can effectively tackle
both challenges by using a combination of a Cellular Automata
(CA) model and a Multi-Kernel Graph Neural Network (MKGNN)
model. The CA model plays a crucial role in normalizing and repre-
senting multi-modal traffic data with diverse structures, sampling
frequencies, and physical meanings. By capturing the inherent
relationships among different modalities, the CA model enables our
proposed framework to make better use of these multi-modal data
from networked vehicles and roadside detectors and then generate
data for traditional vehicles. The MKGNN model, built on the
foundation of spectral graph theory, employs various kernels to
model different driving characteristics. The use of multiple kernels
allows the GNN model to capture a wide range of driving patterns,
enhancing its ability to reconstruct missing trajectories accurately.
To validate the effectiveness of our proposed model, extensive ex-
periments are conducted on two datasets. The results demonstrate
that our framework outperforms state-of-the-art baselines in terms
of trajectory recovery, showcasing its efficiency and robustness.

Index Terms—Internet of Vehicles, spatiotemporal data
processing, cellular automata, trajectory recovery, graph neural
networks.

1. INTRODUCTION

ITH the emergence of Internet of Vehicle (IoV) tech-
W nology, urban traffic has entered a new phase where
networked vehicles and conventional vehicles are integrated [1],
[2], [3], [4], [5]. One of the key research areas in this field is the
recovery and reconstruction of missing trajectories [6], [7], [8].

Manuscript received 10 January 2024; revised 28 May 2024; accepted 1 July
2024. Date of publication 4 July 2024; date of current version 7 November
2024. The work of Ding-Xuan Zhou was supported by the Discovery Project
of the Australian Research Council under Project DP240101919. The review of
this article was coordinated by Prof. Shahid Mumtaz. (Corresponding author:
Yulong Zhao.)

Xiao Han is with the School of Data Science, City University of Hong Kong,
Hong Kong (e-mail: hahahenha@gmail.com).

Ding-Xuan Zhou is with the School of Mathematics and Statistics, Uni-
versity of Sydney, Sydney, NSW 2050, Australia (e-mail: dingxuan.zhou@
sydney.edu.au).

Guojiang Shen and Xiangjie Kong are with the College of Computer Science
and Technology, Zhejiang University of Technology, Hangzhou 310023, China
(e-mail: gjshen1975@zjut.edu.cn; xjkong @ieee.org).

Yulong Zhao is with the Al and Trust Technologies Division, Hong Kong
Applied Science and Technology Research Institute, Hong Kong (e-mail:
zhaoyulong @ gmail.com).

Digital Object Identifier 10.1109/TVT.2024.3423348

, Xiangjie Kong

, Senior Member, IEEE, and Yulong Zhao

It involves analyzing vehicle movement patterns, driving paths,
and behavioral characteristics to fill in the gaps in trajectory data.

By improving data completeness and quality, this process en-
hances performances in various localization-based downstream
tasks, such as vehicle travel time estimating, which demands
high precision regarding vehicle availability within specific ge-
ographical zones.

Therefore, it is crucial to develop a comprehensive trajectory
recovery model for all vehicles in the road network. It could
provide us with a deeper understanding of traffic dynamics, and
enable better insights into traffic patterns and behaviors [9], [10].

However, trajectory recovery of conventional vehicles is even
more difficult, with two core challenges: a) trajectory collec-
tion and representation, and b) identifying and stitching non-
contiguous trajectory segments. On the one hand, conventional
vehicles lack the ability to perceive their own locations in
contrast to intelligent networked vehicles and rely on roadside
detectors and surrounding vehicles to assist with their position-
ing. Fig. 1(a) illustrates that different types of traffic data can be
generated by the deep purple vehicles equipped with in-vehicle
detectors, allowing modeling trajectories of surrounding vehi-
cles without such detectors. Given the variations in detection
frequencies, data types from different detectors, and the diversity
in types and sizes of vehicles detected, establishing uniform
standards for representing vehicle trajectory data from multiple
sources presents a significant challenge. On the other hand,
conventional vehicles frequently encounter challenges related
to missing data and data inconsistencies due to the passive
nature of their data collection methods. Both Fig. 1(b) and (c)
show the trajectory modeling of vehicles on road segments and
intersections, respectively. Fig. 1(b) shows that each of the three
different networked vehicles has detected a part of the trajec-
tories of the surrounding vehicles, and it is necessary to fuse
these trajectory segments and restore the complete trajectory of
the yellow conventional vehicle. Fig. 1(c) shows that the blue
vehicle in the white dotted box is blocked by the bus from
the view in this figure. If the detectors from other angles fail
to function their trajectories properly, it is also hard to restore
the accurate trajectory of this blue vehicle during the blocking
period. Therefore, designing an algorithm that can effectively
relocate the missing part of the vehicle trajectory and relink the
segmented trajectories is another major challenge.

Some studies have attempted to address some of those chal-
lenges. Many researchers [11], [12], [13] have redefined the ve-
hicle trajectory recovery issue as a sequence-completion task by
simplifying the vehicle trajectory into a time-ordered sequence
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(a) The scenario for the collected real-time data (b) The scenario for aux-
from networked vehicles with in-vehicle sensors iliary recognition of con-
ventional trajectory

(c) The scenario for static detectors at an intersection

Fig. 1. Anexample of the IoV environment. (a) The scenario for the collected
real-time data from networked vehicles with in-vehicle sensors. (b) The scenario
for auxiliary recognition of conventional trajectory. (c) The scenario for static
detectors at an intersection.

of latitude and longitude coordinates. These methods assume a
uniform vehicle volume for all vehicles, which compromises the
accuracy of representing the locations of diverse vehicle types.
Furthermore, some studies [14] have introduced sophisticated
lane-level trajectory recovery algorithms designed to reconstruct
vehicle trajectories at a micro level. However, when multiple
trajectory segments are present simultaneously in a fixed pe-
riod, these methods struggle to accurately identify which ones
originate from the same vehicle.

To address all the challenges mentioned above, in this paper,
we propose a novel approach, DTREF, to present and recover
vehicle trajectories accurately. Specifically, we present a road
network division and representation method based on the Cel-
lular Automata (CA) model to unify the data structure and the
vehicle feature difference of multi-modal traffic data and use
the spatiotemporal trajectory graphs to represent the trajectories
of conventional vehicles. To efficiently and accurately extract
different vehicle features for trajectory recovery, we quantify
driving behaviors in the form of multi-scale graph representation
learning and use a spectral-based graph analysis method to
characterize the continuity of trajectories. To the best of our
knowledge, we are the first to implement a new deep trajectory
recovery approach combining the traffic flow model to solve the
problems of trajectory recognition and repair of offline vehicles.
Our contributions are demonstrated as follows:
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e We propose a framework, DTRF, which uses CA to rep-
resent the multi-modal traffic data and incorporates a
multi-kernel graph learning method to address the issue
of low data quality of traditional vehicle trajectories. To
our understanding, this is a novel approach that has not
been explored before.

® We develop a Multiple Kernel Graph Neural Network
(MKGNN) to choose the most appropriate combination
of kernels for different vehicles based on their unique
driving characteristics, which can significantly improve the
representation ability and flexibility of trajectory locality.
Besides, a quantitative result is given for the Chebyshev ap-
proximation of graph Laplacian operators in the MKGNN.
It shows that only a small order of the Chebyshev poly-
nomial can achieve an accurate approximation, and our
experimental results further verify it.

e Extensive experiments based on both simulated and real-
world datasets demonstrate the effectiveness and efficiency
of the framework DTRF. Besides, several ablation studies
have been performed to illustrate the impact of different
hyperparameters on the model more precisely.

The rest of this paper is organized as follows: Section II briefly
reviews related work. In Section III, we detail the framework of
DTRE, including the proposed CA model and multi-kernel graph
neural network, and introduce the training and testing process of
the DTREF. Section IV carries out experiments based on both the
simulated environment and the real-world dataset and presents
experimental results accordingly. Section V concludes this work
and discusses future work.

II. RELATED WORK

In this section, we briefly review some recent work on multi-
modal trajectory analysis and data recovery models.

A. Multi-Modal Trajectory Representation

Multi-modal trajectory analysis is a popular and cross-cutting
research topic in the fields of computer vision, deep learning, and
transportation. It has gained significant attention in recent years,
as it enables more comprehensive understanding of complex
transportation systems and human mobility patterns.

Several studies have explored methods to merge trajectory
data from different sources (i.e., GPS, in-vehicle sensors, road-
side cameras), which is crucial to obtain a holistic view of an
individual’s or a population’s movement patterns. Luo etal. [15]
proposes a novel instance-aware representation for lane repre-
sentation. In their work, a goal-oriented lane attention module is
proposed to accurately predict the future locations of the vehicle
by integrating the lane features and trajectory features. Yin et al.
[16] proposes a novel solution for predicting future trajectories
of pedestrians, which uses a multimodal encoder-decoder trans-
former architecture. It predicts the entire future trajectory in a
single-pass, which makes the method effective for embedded
edge deployment. Hu et al. [17] presents a multi-modal prob-
abilistic prediction approach to predict the sequential motions
of each pair of interacting agents. They address the challenge of
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The framework overview. It contains preprocessing, trajectory representation, and MKGNN modules. The first module combines video from various

angles to create vehicle paths. The second one employs the CA model to build vehicle graphs in the road network. Lastly, the MKGNN module extracts data from

the graph for trajectory recovery.

modeling prediction uncertainties and multi-modal distributions
over future sequences efficiently.

However, most traditional vehicles do not have any sensors,
and it’s hard for us to collect accurate data from these ve-
hicles. One possible solution to this problem is to fuse and
analyze multi-source data from other networked vehicles while
extrapolating the trajectories of traditional vehicles around these
networked vehicles. Notice that the multi-modal traffic data
generated by each vehicle has the characteristics of non-uniform
dimensions, different sampling frequencies, and different physi-
cal meanings. Therefore, it is difficult for us to utilize these traffic
features directly and effectively. We urgently need to design
a method to normalize these data features and improve data
availability.

B. Trajectory Recovery

Trajectory recovery refers to the task of reconstructing or
inferring missing portions of trajectory data. It is a critical
issue in trajectory analysis, as incomplete or missing data can
significantly impact the accuracy and reliability of subsequent
analysis tasks. With the recent advancements in machine learn-
ing and deep learning, several learning-based methods have
been developed for it. Wang et al. [18] address the problem
of recovering a high-sampled trajectory from a low-sampled
one and propose a novel deep hybrid model, named DHTR,
that combines a subsequence-to-sequence recovery model (sub-
seq2seq) with a Kalman filter (KF) component for trajectory
calibration. Xia et al. [19] proposes a novel attentional neural
network-based model, AttnMove, that leverages both intra- and
inter-trajectory attention mechanisms to capture the mobility
regularity and periodicity of users. Ren et al. [20] introduces
a novel sequence-to-sequence (Seq2Seq) multi-task learning
framework, MTrajRec, to recover the fine-grained points in
trajectories and match them on the road network in an end-to-end
manner. These methods leverage the patterns and relationships
present in the available trajectory data to predict the missing

segments. However, these methods usually use discrete trajec-
tory points to represent the vehicle’s trajectory and ignore the
characteristics of the space occupied by the vehicle itself in
the road network and the continuity of the trajectory in the
time dimension. Therefore, we need to design a method that
can describe the shape differences and trajectory continuity of
different types of vehicles, and restore the vehicle trajectory
more accurately.

III. PROPOSED METHOD

In this section, we provide a detailed overview of our proposed
framework. We begin by providing a brief introduction to the
general process structure. Next, a CA-based graph represen-
tation method of the multi-modal trajectory data is proposed.
Finally, the MKGNN is introduced to recover high-accuracy
trajectories.

A. Overview

Fig. 2 shows the overall framework, which consists of a
CNN-based preprocessing model, one CA-based spatiotempo-
ral trajectory representation, and a multi-kernel graph neural
network.

The preprocessing model in our framework utilizes
YOLOVS [21] + DeepSORT [22], a popular and widely used
combination in engineering to extract coarse-grained conven-
tional vehicle trajectory segments from multimodal traffic data.
Details of the preprocessing model can be found in the experi-
ments section.

In the CA module, we quantitatively model the characteristics
of various vehicles within microscopic traffic flows using traffic
flow theory. This approach ensures that the generated vehicle
trajectory maps are consistent in terms of frequency, dimension,
and physical meaning, thereby maintaining uniformity across
the dataset.

In the graph neural network module, a spectral-based GNN
is designed rather than a spatial one (e.g., message passing
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Fig. 3. The representation of traffic data. (a) The representation of the road
network. (b) Proportion of different types of vehicles.

network) to efficiently analyze the correlation between any
nodes via a single calculation instead of relying on multiple
aggregation operations. To facilitate this, we introduce the graph
Laplacian matrix for spectral decomposition. Additionally, we
implement the Chebyshev polynomial approximation to min-
imize the computational overhead associated with the eigen-
decomposition of the graph Laplacian matrix. Subsequently, a
multi-kernel filter is used to categorize different driving behav-
iors, and trajectory segments exhibiting similar behaviors are
linked to accurately reconstruct complete trajectories.

B. CA-Based Spatiotemporal Trajectory Representation

Traditionally, when modeling traffic trajectories, GPS points
arranged in a time series are commonly used to represent vehicle
trajectories. However, this approach overlooks the influence of
vehicle size and its interaction with the road network. Particu-
larly, when capturing fine-grained micro-traffic behaviors like
lane changes and overtaking, different types of vehicles cannot
be adequately represented as individual points. To address this is-
sue, we propose a CA-based method in this section. This method
offers a more accurate representation of each component of
city traffic. By incorporating CA principles, we can capture the
dynamic interactions between vehicles and their surroundings,
considering factors such as vehicle size, lane occupancy, and
traffic flow. This approach provides more comprehensive and
detailed understanding of the complex dynamics within urban
traffic scenarios.

First, we represent the road network at the lane level as a
grid-partitioned graph, as shown in Fig. 3(a). We treat each grid
as anode v € V in the graph G, and each grid has edges e € FE
to the adjacent grids. We can represent the road network in the
form of an adjacency matrix A = {a;;}; je[n):

a,;j = 04

aij:0

if e;; = True,
! )]

if e;; = False,

where e;; = True when there is an edge between nodes ¢ and 7,
N is the total number of nodes in the graph.

Due to the different specifications of buses, trucks, cars,
and other vehicles, there are differences in volume and traffic
speed. Therefore, it becomes essential to convert them into a
standardized metric for statistical purposes and related derived
parameters. This standardization is achieved by converting the
vehicles into Passenger Car Units (PCUs). As shown in Fig. 3(b),
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we illustrate the process of PCU conversions for four common
types of vehicles: cars, pickups, buses, and heavy trucks. By
applying the CA model, we analyze the traffic characteristics
specific to each vehicle type. This analysis allows us to gain
valuable insights into the behavior and patterns exhibited by
different vehicle types in traffic scenarios. Take

¢ =k-q,
k= L (2)
=0

where ¢ stands for vehicle features, [ (n/veh) is the distance
between the fronts of two adjacent vehicles in saturated traffic,
v (m/s) is the average driving speed when saturated traffic flow
passes through the intersection, i (s/veh) is the headway time of
standard car saturated traffic, v is a correction factor which uses
to correct different flow directions or special traffic behavior, and
k is the conversion factor. Due to the randomness of the behavior
of vehicles in practice, a large amount of data investigation is
usually required to calibrate a reasonable correction factor .

Next, we map the trajectories into the road network graph
as training samples. For each vehicle, first, we map each GPS
point with traffic features in the trajectory to several connected
regions:

fo(ra) = {vi 1 vi € N(a)}, 3)

where A (a) is a set containing all nodes next to the node a.
Moreover, we update the graph in a sample by connecting

the chronological trajectory I' = {ry,...,7%,...,7r} though
weighted edges:
ay, =a;; +0.6, ifr, 7 €Tv,05 € fo(ry),
; . “)
aj; = aij, if m or iy & Ts i, 05 € fo(m).

Then we can obtain an adjacency matrix of each sample
A" ={aj;},i,j € [N]. We take the timestamp when a vehicle
enters the area corresponding to the node, the time period it stays,
the average speed and acceleration of the vehicle, and the traffic
flow in the area under the current time slice to constitute the static
feature of the node F'eagi.. Moreover, the preprocessing model
generates two types of features, F'eGgensor(vy and F'€asensor(r)s
which are obtained from in-vehicle data and data collected by
roadside detectors, respectively. These features also need to be
mapped onto the road network graph for further analysis and pro-
cessing. Thus, the feature matrix of the updated graph is defined
as the matrix form of all node features X = [x,...,x N]T =
Concat(Feasensor(v)a Feasensor(r)y Feastatic)’ where Feasensor(v) €
RN*Mv and Feagensorr) € RN*Mr - and Feagyiic € RY*Ms,
For each sample, we construct an adjacency matrix and a feature
matrix as the input of the downstream trajectory recovery task. In
this paper, we consider this task as a node classification problem
whether a vehicle is passed through a specific grid.

C. MKGNN Model

This section presents an MKGNN to restore a missing trajec-
tory. As spectral analysis methods can effectively process contin-
uous trajectory characteristics, we adopt the spectral graph con-
volution method to achieve better trajectory recovery. Besides,
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to model various driving characteristics of different trajectories
accurately, we deploy a ChebyNet approximation-based graph
wavelet transform, and we provide a quantitative result for this
approximation.

Before introducing the proposed MKGNN, we calculate the
Laplacian matrix £ = D — A and then normalize it, as shown
in (5). This matrix £ has very good properties [23], [24], [25]:
all of its eigenvalues satisfy A € [0, 2] with Apax & 2, Where

L=I-D:A'D:, (5)

and D = diag{d,,...,dn} is the graph degree matrix.
The graph wavelet transform based on a mother kernel ¢ :
R* — R defines a convolution operator at scale s as T} :=

¢(L/s) by spectral calculus. In this paper, the mother kernel is
chosen to be:

2\
¢ = exp (A — 1). (6)
max
Then the scaling function related to this mother kernel is defined
as
2A — SAmax
s(A) = — ) 7
¥s(2) eXP( . ) @)

where s > 0 is the scaling factor.

This function is used to generate the kernel set of our model,
which is used to model various driving characteristics of differ-
ent trajectories more accurately. The multi-kernel graph Fourier
Transform operator can be defined by spectral calculus as

o(L) =1, (UAUT) = Udiag(shs ()1, UT.  (8)
In the same way, the inverse of this operator can be defined as:
vy (£) = Udiag (v, (2)), U™ ©

Taking a trainable weight matrix gs ¢ = diag(s,,...,0s,)
and a frequency sample set (s;)7_; C RT, we define the graph
convolution in the MKGNN layer as

lesl

Under the settings of semi-supervised classification problems
for a graph dataset, our task is to classify nodes with unknown
labels according to the nodes with known labels and the char-
acteristics of all nodes in the graph. The graph convolution
operators 1, and ¢! only depend on the graph once s is given
and we can calculate them as a preprocessing process before the
training of the neural network.

Here we use the p-th order Chebyshev polynomial to ap-
proximate 15 (£ 2) and ¢, '(£). For a function g: RT — R, the
operator g(£) = U(g(;))7_, UT is given by spectral calculus
and the p-th order Chebyshev approximation is

X *q 8o = (10)

gsl ,0 1/)51 ( )

P

Py(9)(L) = cilg)Th(L),

=0

Y

where the Chebyshev polynomial {T;}!_ is given by Ty(z) =
1,Ti(z) = zand T;(x) = 2uT;— (z) — T;_»(x) iteratively. The

16055
Chebyshev coefficients {¢;(g)}?_, are given by
, N
ci(g) = Nol ;g(uy)Tz(%) (12)
with  w; = cos S&UT for  j=0,...,N, T'(u) =

T( u—zH )\max)

In our proposed ‘method, we approximate ¥s(£) by

P, (1) (L) and ¥; (L) by Py(15")(L). Our first main result
quantifies the rates of approximation in terms of the operator
norm of the error operator P, (15 )(£) — 1(L).

Theorem 1: For s > 0andp — 1 € Z, we have

R N 4 1
1B, D) - ()] < s e (1),
(13)
and
—1\/p “1/p 4 1
1B,)E) = 07 D < s —renp (1)
(14)
Proof Observe that T}(L) =U(T;(3}))"_, UT, V' =
max —1=XA—1.Then
(L) — vs(L)
P n
(Z U (4,0))_, U"
- -
Py(vs) —vs) (A7), U (15)
where P, (1) (1) = >°P_, ¢;(1s)T!()) is the p-th order Cheby-

shev polynomial approximation of the function 7)5. Since U is
an orthogonal matrix, we know that for any vector v € R™ with
norm ||v|],

1(Po(@a)(£) = (D)) vl
= 11U ((Py(ws) = ) G)) 7,
= H ((Pp(ws) - ws) ()";)):Lzl

Uty

UT’UH

(S

Z [ (Pp(ths) = s) (1) (UTw), 2

< [Pp(hs) — s]]oo] [UT |
= || Py (¥s) — s |sol[0]- (16)
(Pp(0)(L) — Vs (L)] < |IPp(s) — s ||ocr Where

| - ||~ is the norm in C[—1, 1].

Suppose that f is absolutely continuous on [—1,1]. Let g,
denote the Chebyshev interpolant f of degree n in the Chebyshev
points of the first kind

), ji=0,1,...,n.

y__cos((zﬂ'“)W
.

17
2n +2 an

Authorized licensed use limited to: Zhejiang University. Downloaded on October 02,2025 at 02:40:23 UTC from IEEE Xplore. Restrictions apply.



16056

The Chebyshev series for f is defined as [26], [27]:

=, 2 /! T;
— ; biTy(z), b= ;L de:ﬂ, (18)

where the prime denotes a sum whose first term is halved and
T;(z) = cos(j cos™! x) is the Chebyshev polynomial of degree
J.

From Boyd [28], ¢,, can be expressed by

qn(z) = Z”CjTj(f), %= o Zf (ys) Ty (ys) ,

j=0
(19)

where the double prime denotes a sum whose first and last terms
are halved, and the coefficients c; can be efficiently computed
by Fast Fourier Transform (FFT).

Then an error bound for approximation of f in the Chebyshev
points can be given, as shown in Lemma 2 [29].

Lemma 2: If f, f',..., f%*~)) are absolutely continuous on
[—1,1] andif || f*)||7 = V) < oo forsome k > 1, then for each
n>k+1,

4V
> _
kmn(n—1)---(n—k+1) — 11
If f is analytic with |f(z)| < M in the region bounded by the

ellipse with foci +1 and major and minor semiaxis lengths
summing to p > 1, then for eachn > 0,

4 M
IIf = anllo £ ——=-
nlle = T

According to an estimate of the Chebyshev polynomial ap-
proximation [29], we have

(20)

anoov

ey

4V,
Py(ths) = Yslloe < 72—, (22)
where V,_; = || V||
But V() = gexp(¥). and ("]l =
max_j<y<i mrexp(L) = rexp(Ls). Hence

| Pp(1)s) — (= l)(;— 1)!spilexp (}s) . (23)

The same result can also be found when deriving (14). This
proves the theorem. U

Theorem 1 can be used to estimate the norm of the differ-
ence between the model network (10) and the approximation

50 B0 (D)gs0 P45 ) (£)x.
Finally, we define the k-th layer of the MKGNN as:

k+1 _
th -

dy S
. (z wiyS! ZPp(ws)(ﬁ)g’;epr(ws1)(ﬁ)Xfii> ,

Vs loo <

i=1 s=1

(24)

where j =1,...,dy, w;j € R is a weight factor, sz with
dimensions dj, is the i-th column of X* € R%**" 4, = d is the
dimension of node signals, g’;o(]_ﬁi) € R™ ™ is a diagonal filter
matrix to be learned in the spectral domain, ¢ is a non-linear
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(Adjacency Matrix A] (Node Feature Matrix X)

Multi-kernel Preprocess

Vs 05
s=1,---,8
¥
[Chebyshev Approximation]
¥

Pp(s), Po(vi) MKGNN Ist layer
s=1,--- YS

N T

output y’

Fig.4. The Structure of multi kernel graph neural network. It mainly comprises
multikernel preprocessing, Chebyshev approximation, and three multi-kernel
GNN layers.

activation function and we use ReLU function in practice. This
layer transforms an input tensor X* into an output tensor X*+1.

With the inherent capability of wavelet kernels to facilitate
progressive diffusion interaction of features among graph nodes,
the MKGNN can effectively handle missing trajectories and
seamlessly reconnect disjointed trajectory segments. By lever-
aging the wavelet kernels, MKGNN enables the completion of
missing trajectory information and ensures a continuous and
smooth reconstruction of each discrete trajectory.

In this paper, we adopt a three-layer network structure to
achieve missing trajectory recovery, as shown in Fig. 4. At the
same time, dropout layers are introduced to prevent overfitting,
and cross-entropy loss function, which is analyzed in [30], is
used to estimate the degree of inconsistency between the output
yv' = {v, v} } and the true label y := {yo, y1 }, as shown in (25).

1 n
Loss = E;Lj
= —%Z >y ogy,

j=11ie{0,1}

(25)

where n is the sample size, m is the number of classes, y;; €
{0, 1} is a flag used to indicate whether the true category of
the sample j is equal to the class i, y;; € [0, 1] is the predicted
probability of belonging to class 7 in the output of the model
about the sample j.

D. Inference Process

The process of inferring trajectory data is detailed in Al-
gorithm 1. The initial step involves a preprocessing module,
where video data are segmented into frames by channel. Within
each frame, features and target positions are extracted using the
Yolovs5 algorithm, as specified in lines 1-3. For Lidar-generated
point cloud data, voxelization is employed to convert the data
into a 3D voxel format. This is then processed through a 3D
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Algorithm 1: DTRF Framework.

Algorithm 2: MKGNN.

Input:multi-view video X'y and Lidar point data X ,
within a short period, road network graph G,,.; with its
static features F'eagic, CA and MKGNN module
CA(-)&MKGNN(-, ) in the proposed framework,
pre-trained model Yolov5, (-), Yolov5,(+) for video and
Lidar data preprocessing separately, and pre-trained
DeepSORTY(+) for vehicle RelD;

Output:The recovered trajectory: Tiec.

for each frame z!, € Xy do

locgensor(v)’ Feazensor(v) — YOIOVSU ("Ef))

end for

for each frame z} € X 1, do

!’ = Voxelization(z!)
zt” = 3D-CNN(z!))

locgensor(l)v Feagensor(l) - YOIOVSI(I?/)

end for
9:  Tigs + DeepSORT(loctt, loct, - - +)

10: Thormalized = CA(Tids)

I1: g < mapplng Thormalized tO gori

12: X = Concat(Feasensor(v)a Feasensor(l)7 Feastatic)

13: y = MKGNN(X,G)

14:  Connect nodes to restore the trajectory: T — y

AN A ol

CNN network to map the three-dimensional data into a two-
dimensional representation. Concurrently, the Yolov5 structure
identifies and extracts target features, as outlined in lines 4-8.
The DeepSORT algorithm introduced in line 9 utilizes the deter-
mined video (or LIDAR) position coordinates for recalibration
to create separate time-series video (or LiDAR) track segments
for vehicles with the same vehicle ID. Subsequently, the CA
model in line 10 normalizes the trajectory data to conform to the
road network graph. Following this, the graph feature matrix is
computed as showninline 11. Additionally, line 12 demonstrates
how the MKGNN module is employed to identify nodes that
intersect with the trajectory. Finally, line 13 connects those nodes
to restore the missing trajectory.

The MKGNN module, further described in Algorithm 2, pro-
cesses the trajectory graph and its associated features to output a
list of nodes traversed by the trajectory. Initially, line 2 involves
extracting the adjacency and degree matrices from the trajectory
graph. Then, the normalized graph Laplacian matrix is computed
using these matrices, as depicted in line 3. Lines 4-5 give the
definition of the multi-kernel graph Fourier Transformer and the
graph convolution and line 6 deploys Chebyshev polynomial
to approximate the graph convolution defined before. Then, the
output of [-th MKGNN is calculated by line 7. Finally, the nodes
traversed by the trajectory are extracted by line 9.

IV. EXPERIMENTS
A. Experimental Settings

1) Dataset: We use one simulation dataset generated by
Carla with version 0.9.8 and one real-world dataset located in
Hangzhou, China.

Input:Trajectory graph G and its related features X, the
graph filter g ¢, the weight parameters W
Output:Nodes through which the trajectory passes: y.

1: for the layer [ € [L] do

2: A D+ @G

32 L=I-D:A'D:

4: Define the multi-kernel graph Fourier Transform
operator:

¥s(£)

5: Define the graph convolution:

X G 8o = 5 Yoy Vs, (£)8s, 005 (L)x!

6:  Approximate the graph covolution: P,(g)(£)

7:  Output of the i-th layer: Xf;l =
o (i wigk Yooy Po(Wa) (D)8l g, Po(vi )
(£)X!;)

8: end for

9: y = softmax(Linear( X))

In the simulated environment, there are about 120 vehicles
running in a 10 km? road network, with 100 networked equipped
with 4 in-vehicle cameras with different orientations, a LiDAR, a
GPS detector, and a gyroscope. The networked vehicles collect
traffic data about their location and surrounding environment
every 100 ms. In addition, there are static traffic volume and
speed detectors installed on both roadsides every 200 meters
and intersections, which can generate traffic volume and aver-
age speed on different road segments. Fig. 1(a) is an example
of this simulation environment, and in this environment, our
goal is to restore the trajectories of the remaining 20 vehicles
without any detectors accurately. In the real-world dataset, we
collected data from all passing vehicles at a four-way, eight-lane
intersection over a one-day range. It contains the GPS data of
each networked vehicle and the second-level traffic data (video,
speed, acceleration, volume, point cloud) monitored by static
roadside detectors, and our target is to recover all obscured
vehicle trajectories efficiently.

2) Baselines: We compare DTRF with baselines from both
conventional and multi-modal trajectory prediction and recovery
methods, including M-LSTM [31], BiTraP [32], DGAN [33],
MBT [34], TrajBERT [35], TransFuser [36], TrajGAT [14]:

e M-LSTM: It presents a novel LSTM model for predicting

the vehicle trajectory. The model assigns confidence values
to maneuvers being performed by vehicles and outputs a
multi-modal distribution over future motion based on them.

e BiTraP: It uses a conditional variational autoencoder

(CVAE) with recurrent neural networks (RNNs) to encode
observed trajectories and decode multi-modal future tra-
jectories, and it uses a bi-directional decoder to improve
the accuracy of long-term predictions.

* DGAN: It introduces a unique dynamic graph attention

network that models the dynamic social interactions among
agents and conforms to traffic rules with a semantic map.
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e MBT: It uses an LSTM-based architecture that incorpo-
rates persons’ preferences and predicts multiple trajecto-
ries and their probabilities. Besides, it uses a multi-modal
loss function that updates the best trajectories.

e TrajBERT: It uses a BERT-based model that learns the
mobility patterns of users from both forward and backward
directions and refines the trajectory predictions with spatial
and temporal constraints. In addition, it introduces a new
loss function that incorporates spatial-temporal awareness
and multi-task learning.

e TransFuser: It is a multi-modal fusion transformer model
that learns to attend to the relevant features from different
modalities and outputs a driving policy.

® TrajGAT: It introduces a map-embedded graph attention
network (TrajGAT) that extracts and fuses temporal fea-
tures following an encoder-decoder architecture and mod-
els dynamic spatial patterns using a sparse heterogeneous
graph constructed from vectorized lane-level map and a
rule-based graph attention network, which aims to impute
missing trajectory data for vehicles that are lost from the
view of roadside sensors due to dynamic occlusions.

3) Evaluation Metrics: In this paper, the average displace-
ment error and the accuracy of the trajectory recovery are used
to evaluate the performance of a model. The definitions of these
two metrics are demonstrated as follows:

® Average displacement error (ADE): It is the average Eu-
clidean distance difference between each predicted loca-
tion and each ground truth location.

e The accuracy of the trajectory recovery (Acc): Itis the ratio
of the area where the vehicle’s predicted trajectory overlaps
with the area where the actual trajectory passes.

4) Implementation Details: DTRF can be divided into three
components: a data processing model, which processes the
multi-modal data to a structured one for trajectory recovery;
a CA-based trajectory representation model, which maps tra-
jectories into lane-level graphs and extracts microscopic traf-
fic flow features of vehicles; and a multi-kernel graph neu-
ral network (MKGNN), which restores discrete and incom-
plete trajectory points into continuous trajectory paths. The
data processing model deploys YOLOVS,' combined with the
DeepSORT algorithm? [37]. The data processing model de-
ploys YOLOVS, combined with the DeepSORT algorithm. First,
we used YOLOVS to identify every vehicle in each frame
of the video, including its license plate, color, and vehicle
type. At the same time, the same neural network structure
is used to calculate the exact geographic coordinates of each
unobstructed object in the radar data. Then, we associate the
precise coordinates of the objects in the radar data with the
vehicle information using the stop line of the intersection as a
reference and use the DEEPSORT algorithm to associate the
trajectories of the same vehicle between the front and back
frames and generate multiple trajectory segments. Noting that
the trajectory segments generated by the preprocessing method
alone can only guarantee the continuity of the trajectories

![Online]. Available: https:/github.com/ultralytics/yolov5
2[Online]. Available: https:/github.com/nwojke/deep_sort
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TABLE I
EXPERIMENTAL RESULTS OF DIFFERENT BASELINES

Simulation Real-world Data

ADE (m) Acc (%) ADE (m) Acc (%)

M-LSTM 2.1584 15.3368 2.7102 9.3560
BiTraP 1.4059 32.2665 1.8529 18.8309
DGAN 1.4506 28.6776 1.7198 18.2018
MBT 1.6277 22.749 1.9646 17.4211
TransFuser 1.2365 42.3618 1.5734 21.2838
TrajBERT 1.3821 33.4858 1.8040 19.8117
TrajGAT 0.9454 59.1139 1.2115 43,1343
DTRF 0.6943*  77.7375%  0.8295*  69.2823*

“*” indicates the statistically significant improvements
(i.e., two-sided t-test with p < 0.05) over the best baseline.
For all metrics: the lower, the better.

within the segments, the next two modules in our proposed
framework then present these trajectory segments properly and
merge the trajectory segments that will have the same driving
behavior to generate vehicle trajectories with high confidence. In
the trajectory representation model, we sety = 0.85, the number
ofnodes N = 10273 that is the number of grids in the real-world
road network. Besides, the number of node features is 7, i.e.,
timestamp, hourly traffic flow, dwell time, and traffic speed &
acceleration (both x and y-axis). In MKGNN, we set the number
of layers K = 3, the kernel size S = 10.

During the training process, the whole procedure is similar
to the test process illustrated in Algorithm 1, where the graph
filter g, o and the weight parameters W in the MKGNN mod-
ule are learnable and can be updated by the gradient descent
algorithm. Here, the adaptive Moment Estimation with Weight
Decay (AdamW) [38] is utilized for gradient descent to update
the learnable graph filter g ¢.

B. Overall Performance

The performance of all the baselines in two datasets is shown
in Table I, in terms of the two metrics, i.e., ADE and Acc. The
performance of each method is measured by the average of
the last 10,000 runs in a total of 60,000 runs. We can see that
the proposed method has better performance compared to all
baselines.

Among these baselines, M-LSTM, BiTraP, MBT, TrajBERT,
and TransFuser are grounded in sequence modeling techniques,
which are particularly suited for predicting vehicle trajectories
that can be represented as time-ordered sequences of GPS coor-
dinates. These models excel at handling temporal dynamics and
can effectively utilize various forms of traffic data, including
speeds, volumes, and signal timings, to predict future locations
accurately. However, these methods struggle to effectively char-
acterize vehicle trajectories that exhibit varied driving behaviors,
leading to performances that is inferior compared to our meth-
ods.

DGAN and TrajGAT leverage graph neural networks to ex-
ploit the spatial structure of road networks. These models are
particularly adept at ensuring that the predicted trajectories ad-
here to the physical road layouts, an essential factor for realistic
trajectory planning in urban environments. By incorporating
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Fig.5. Theexperimental results under different missing lengths of trajectories.
(a) Intersection. (b) Road segment.

road network graphs, these models can prevent the prediction
errors that occur when generated trajectories do not correspond
to actual roadways, thus enhancing both the feasibility and reli-
ability of the recovery results. However, these methods fall short
of capturing feature differences among trajectory segments from
different vehicles, leading to inaccuracies such as the incorrect
merging of trajectory segments from different vehicles within
the same time period. Consequently, the experimental results
of these methods are still marginally inferior to our proposed
approach.

In summary, our method can thoroughly analyze the multi-
modal data and capture the refined driving behaviors of different
vehicle trajectories, which leads to a high precision of trajectory
recovery.

In addition, compared to the simulation environment, the data
collected from the real-world environment has more complex
features, which are more difficult to capture by neural networks.
Therefore, all models perform worse in this dataset. However,
in the proposed DTREF, the key module, MKGNN, treats each
trajectory as a continuous graph signal and defines a filter to filter
out noise information to improve the precision and accuracy of
trajectory recovery. Thus, our model still performs the best.

C. Ablation Study

Impact of Missing Trajectory Length

Noting that the incompleteness of a trajectory can have a
significant impact on the performance of trajectory recovery, we
divide the training data according to the length of the missing
trajectory. Moreover, the traffic environment at the intersection
is different compared to the one in the road segment. Therefore,
we selected vehicle trajectories located at intersections with a
width of about 100 meters and road sections with a length greater
than 2 km for experiments, as shown in Fig. 5. We can see that the
traffic conditions at intersections are more complex than those at
road sections: when the path missing rate is higher than 60%, the
recovery accuracy of each method drops significantly. Besides,
our model outperforms the other baselines in all settings, which
demonstrates the robustness of the proposed framework.

Parameter Analysis

Refer to (24), we have two parameters that need to be defined
manually: p and S. In order to explore the influence of these two
parameters on the experimental results, we use the method of
controlling variables to conduct experiments on each parameter
In turn.
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Fig. 7. Results under different settings of S and dp.

First, we verify the effect of p on the metric Acc of the
proposed framework. It can be seen from Theorem 1 that as
p increases, the approximation error using Chebyshev polyno-
mials decreases exponentially, that is, a small value of p can still
achieve better performance. Taking the Simulation dataset as an
example, we take p = 2, 3,4, and 5 to conduct experiments, and
the experimental results are shown in Fig. 6(a). We can find that
when p >= 3, the model loss are not affected by the Chebyshev
polynomial order p, that is, we can think that the approximation
method can reach the optimum when p = 3. This also verifies
the proposed theorem 1.

We then conduct experiments for different values of .S. We
select S = 1,5, 10 and 30 in turn, and the experimental results
are shown in Fig. 6(b). It can be seen intuitively that when S
is larger, the model converges faster, and the loss value is also
lower after the model converges. One possible reason is that
different kernels can capture different driving characteristics,
which enriches the ability of model expression.

When we observe the relationship between Acc and the value
of S, the Acc generally shows a trend of improvement as S
increases until a certain level. But when .S continues to increase,
the Acc of the model begins to decline. This is mainly because
the redundancy in the model is too high, which increases the
difficulty of model training. In order to solve this problem, a
simple idea is to increase the dropout rate of MKGNN. In order
to further explore the relationship between the hyperparameters
dp and S, a series of more detailed experiments are conducted
under different settings, and the experimental results are shown
in Fig. 7. The redder area in the figure indicates higher Acc,
and the yellow and blue areas indicate lower test Acc. From a
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Fig. 8.  Visualization of trajectory recovery results using different algorithms.
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horizontal point of view, taking S = 9 as an example, when the
dropout rate gradually increases from 0.3 to 0.8, the accuracy
of the model is also gradually improved, but a too high model
dropout rate (dp > 0.8) results in a decrease in accuracy due to
too much sample information is manually masked during the
training process. From a vertical perspective, when S gradually
increases, there is a similar phenomenon. This is because the
redundancy in the model needs to be maintained in a reasonable
range, which is also consistent with our experience.

D. Case Study

In the case study, we select one road segment and an intersec-
tion in the real-world road network and conduct experiments. We
select vehicles randomly at the peak hour and draw the possible
trajectory generated by the Dijkstra algorithm (purple line), the
TrajGAT model (green line), and DTRF (blue area).

Trajectory Recovery Within The Road Segment

In Fig. 8(a), three networked yellow vehicles equipped with
detection devices only monitor the positions of a blue vehicle
before and after it overtakes, and our goal is to recover the tra-
jectory of this blue vehicle completely. The traditional Dijkstra
algorithm, while treating each vehicle as an individual point,
overlooks the physical space occupied by each vehicle within
its lane. This oversight renders it ineffective at modeling the
crucial lane-changing behavior needed to avoid collisions with
the vehicle in front of the blue vehicle during the trajectory
recovery process. On the other hand, the graph-based algorithm
TrajGAT, along with our proposed method, successfully cap-
tures this behavior, demonstrating a more effective performance
in this setting.

Trajectory Recovery Within An Intersection

Conversely, the TrajGAT algorithm struggles to accurately
model the driving behavior characteristics specific to different
trajectory segments, leading to the minivan’s trajectory at the
intersection being erroneously merged with that of the bus,
resulting in significant recovery inaccuracies. Our proposed
method, DTREF, effectively addresses these two major challenges

IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 73, NO. 11, NOVEMBER 2024

simultaneously, thereby accurately reconstructing the trajectory
of buses.

Trajectory recovery at intersections becomes more complex,
asillustrated in Fig. 8(b). There are two cars in this figure, and the
trajectories in orange of each vehicle are their real trajectories,
whereas the light-colored part is the real trajectory segments that
are obscured and need to be recovered. For clarity, we only show
the trajectories of the buses after trajectory recovery by various
algorithms. Dijkstra calculates the shortest path between two
ordered trajectory segments but still ignores the space occupied
by the vehicles. Practically, the bus cannot navigate the path
indicated by the purple line using just a minor steering adjust-
ment to execute a U-turn, as this defies the laws of physics related
to time and motion. Conversely, the TrajGAT algorithm struggles
to accurately model the driving behavior characteristics specific
to different trajectory segments, leading to the trajectory of the
car at the intersection being erroneously merged with that of the
bus, resulting in significant recovery inaccuracies. Our proposed
method, DTREF, effectively addresses both two major challenges
simultaneously, thereby accurately reconstructing the trajectory
of buses.

V. CONCLUSION

In this paper, we introduce a novel framework, DTRF, de-
signed to tackle the complex challenges of multi-modal tra-
jectory recovery. This framework utilizes Contextual Analysis
(CA) to uniformly represent diverse vehicle trajectories and
integrates a Multi-Kernel Graph Neural Network (MKGNN)
to accurately reconstruct missing trajectory segments. The CA
effectively standardizes and interprets multi-modal traffic data,
which vary in structure, sampling rates, and meanings, thereby
enhancing the framework’s ability to leverage these diverse
data types. The MKGNN, grounded in spectral graph theory,
employs distinct kernels to model various driving behaviors and
efficiently extracts continuous vehicle trajectories.

Looking ahead, we aim to enhance the generalizability of
DTREF across a broader range of real-world scenarios involving
larger datasets. This includes plans to explore the integration of
larger, more complex models such as LLMs to further improve
the accuracy and reliability of trajectory recovery. Additionally,
we plan to explore the development of adaptive algorithms
that can dynamically adjust to varying traffic conditions and
vehicle behaviors. This initiative aims to significantly enhance
the robustness and flexibility of our framework, particularly
in diverse environments where there is a need to simultane-
ously recover a large number of trajectories from the same
period and location. This capability is crucial for ensuring
accurate and efficient trajectory recovery in complex traffic
scenarios.
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