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Inferring Intersection Traffic Patterns With Sparse
Video Surveillance Information: An ST-GAN Method

Pengkun Wang““, Chaochao Zhu, Xu Wang

and Yang Wang

Abstract—Traffic patterns of urban road intersections are im-
portant in traffic monitoring and accident prediction, thus play
crucial roles in urban traffic management. Although real-time
traffic information is consistently provided by surveillance cam-
eras equipped at road intersections, the sparsity of surveillance
distribution poses great challenges in performing a complete real-
time traffic pattern analysis. To tackle that, existing works either
assume that the traffic patterns are static, or assume a multi-variant
distribution model for intersection traffic volumes. The former
assumption neglects the temporal features of traffic patterns, and
the latter is limited in capturing fine-grained spatiotemporal de-
pendencies. To tackle the problem, we propose a novel framework,
SpatioTemporal-Generative Adversarial Network (ST-GAN), that
exploits deep spatiotemporal features of urban networks and offers
accurate traffic pattern inferences with incomplete surveillance
information. The ST-GAN framework incorporates a modified
GCN network wired with the encoder-decoder mechanism and
an LSTM network, which are further boosted by an iterative
adversarial training process. Comprehensive experiments on real
datasets show that ST-GAN achieves better inference accuracies
than state-of-the-art solutions.

Index Terms—GAN, inference, intersection, sparse surveillance,
traffic pattern.

I. INTRODUCTION

HE proliferation of road video surveillance systems [ 1]—[3]

gives prominence to intelligent transportation services [4]—
[6], including optimization of urban vehicle driving [7]-[10] and
analysis of road network traffic flows [1], [2], [11], [12]. Most
traffic analysis with surveillance systems assumes a dense cover-
age of surveillance distribution over road network intersections.
However, the sparsity of surveillance distribution can hardly
be avoided in real applications, due to the high deployment
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Fig. 1.  Sparse distributions of road surveillance cameras in SIP and Shenzhen.
Red dots indicate intersections where a surveillance camera is deployed. The
surveillance camera coverage rates of SIP and Shenzhen are 3.0% (103/3,468)
and 0.8% (129/16,264), respectively. (a) SIP (3.0%, 103/3,468). (b) Shenzhen
(0.8%, 129/16,264).

cost and dynamic characteristics of urban road networks. For
instance, Fig. 1 shows the distributions of road surveillance
cameras of two leading cities in China, Suzhou Industrial Park
(SIP) and Shenzhen. In this figure, only 3.0% (103) of the 3,468
road intersections in SIP are surveillance-equipped, while only
0.8% (129) of the 16,264 road intersections in Shenzhen are
surveillance-equipped.

There have been studies [13]-[15] on forecasting traffic sta-
tuses with data incompleteness caused by the data sparsity
issue or networking failure. However, these seemingly simi-
lar techniques cannot be directly used for inferences with the
permanent incomplete traffic information caused by the sparse
coverage of road surveillance cameras. Recently, there have
also been studies [16]-[21] on modeling and inferring citywide
traffic statues with sparse surveillance information, which can
be clustered into two categories, discrete road segment similarity
based methods [16], [18], [19] and holistic road network spa-
tiotemporal correlation based methods [17]. The former makes
inferences based on the calculation of similarities between
surveillance-equipped and surveillance-free road segments with
contextual information, such as velocities, road segment length,
and Point of Interest (POI) features. However, these methods
simplify the profound natures of spatiotemporal correlations
into pair-wise similarity score comparisons, thus fall short in
making accurate inference [22]. The latter infers traffic volumes
for surveillance-free intersections with the assumption of multi-
variant distribution models [17]. Nevertheless, the assumption
may yield biased estimation due to the lack of parameters of
surveillance-free intersections.

To tackle the challenges mentioned above, we propose
a novel framework, SpatioTemporal-Generative Adversarial
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Urban Computing System of SIP. The size of points represents the relative value of the traffic volume at the corresponding intersection, and the point color

of red or purple demonstrates the traffic volume of an intersection is monitored by the pre-deployed surveillance cameras or inferred by our method, respectively.

Network (ST-GAN), inspired by recent advances in face com-
pletion techniques [23]. Our ST-GAN consists of a mod-
ified Encoder-Decoder based Graph Convolution Network
(ED-GCN) and a Long Short-Term Memory (LSTM) neural
network, for learning latent correlations in graph-structure data
like road network [24]—-[26] and temporal dependencies of traffic
volumes [24], [27], [28], respectively. The iterative adversarial
training process of GAN enables our framework to improve the
quality of volume inference within surveillance-free intersec-
tions.

Our work is a sub-system of a real project, i.e., the inte-
grated urban computing system, in cooperating with the traffic
administrative agency of SIP, as shown in Fig. 2. However, the
information is incomplete in the sense that the distribution of
surveillance cameras is sparse, as shown in SIP and Shenzhen
in Fig. 1. We also collect the third-party GPS data of 4,367 and
8,572 taxicabs with an average sampling rate of 20 seconds for
Shenzhen and SIP to generate the training data, we mask a set
of randomly selected intersections for the GPS data, in order
to imitate the incomplete video surveillance scenarios. We then
train the generator of our ST-GAN framework to reconstruct the
original data with incomplete training data, which captures the
deep spatiotemporal correlations through ED-GCN and LSTM
modules. The ability of the generator is further enhanced by an
iterative adversarial training process with the discriminator in
ST-GAN. Atlast, the trained generator can be used to infer traffic
volumes of surveillance-free intersections, with only real-time
and sparse surveillance information collected from surveillance-
equipped intersections. Experiments show that our proposal can

improve the inference accuracy at least 10.43% and 13.85% on
two real-world datasets, respectively.

Our main contributions are summarized as follows.

e To the best of our knowledge, this is the first work
that utilizes the GAN-based deep learning framework
to tackle the sparse-surveillance based real-time urban
traffic pattern inference problem, by modeling the holis-
tic urban traffic patterns of the entire urban road net-
work from a third-party dataset and using the learned
holistic patterns to infer traffic volumes of surveillance-
free intersections only based on real-time and reli-
able inferred volumes of sparse surveillance-equipped
intersections.

e The proposed generative adversarial network, ST-GAN,
takes the well-designed ED-GCN and LSTM integrated
module as the generator, to jointly capture spatial corre-
lations and temporal dependencies. Through adversarial
training on a dynamically masked third-party dataset, the
generator of our ST-GAN is capable of inferring traffic
volumes for surveillance-free intersections, and the seam-
lessly combined generator and discriminator can iteratively
improve the performance of our ST-GAN.

® We evaluate the performance of our proposal with real-
world large-scale monitoring datasets collected from two
cities, i.e., SIP and Shenzhen. Extensive experiments cross-
validate that our proposal significantly outperforms other
alternative state-of-the-art solutions. Furthermore, we
perform a case study to demonstrate that our ST-GAN
can effectively capture the dynamic and diverse traffic
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patterns well and tackle the permanent sparse challenges
by visualizing the inferred results of ST-GAN.

The rest of this article is organized as follows. Section II
reports recent related works. Section IIl introduces preliminaries
and formalizes the problem. Section IV investigates the proposed
ST-GAN framework. Section V presents empirical studies. Sec-
tion VI further discusses issues related to our problem and
Section VII concludes the article.

II. RELATED WORK

In recent years, tons of works [13], [14], [16]-[21] have been
achieved to address the data sparsity problem in urban traffic
analysis. And the data sparsity problem in urban traffic surveil-
lance can be divided into two categories, temporal missing, and
spatial sparsity.

Regarding the issue of temporal missing which is mainly
caused by the data sparsity issue or network failure, many
methods of time series analysis and forecasting [13], [14] have
been raised to address the problem. Obviously, these kinds of
time series analysis and forecasting technologies, which highly
rely on the spatial completeness of data, cannot be used to solve
the problem of spatial sparsity in our task by making inferences
with the permanent incomplete traffic information.

The problem of spatial sparsity is caused by the sparse cov-
erage of road surveillance cameras, and there are also a small
number of recent novel studies [16]-[19] aim at solving this
problem. We can also summarize existing efforts on this field
into two categories, discrete road segment similarity based meth-
ods [16], [18], [19] and holistic road network spatiotemporal
correlation based methods [17], [20].

Regarding discrete road segment similarity based meth-
ods, [16] calculates and ranks the similarities within road seg-
ments to determine whether they should be selected into a candi-
date set, then infers the traffic volumes of those surveillance-free
road segments based on the combination of the candidates by
a key-value attention method. [18] proposes a Spatiotemporal
Semi-Supervised Learning network (ST-SSL) to solve the prob-
lem of citywide traffic volume inference. It first constructs spa-
tial and temporal affinity matrices to represent the correlations
within road segments by taxicab trajectories as well as some
other static features of road segments, then infers segment traffic
volumes based on the assumption that two segments should have
similar lane volume patterns if they share similar urban fea-
tures. [19] first collects traffic speeds and volumes from original
GPS data, then solves the problem of speed missing with the
method of collaborative matrix factorization and abstracts train-
ing traffic features with the bayesian network, and finally infers
citywide traffic volumes with the K-Nearest Neighbor (KNN)
algorithm. In practice, the road traffic volumes of individual road
segments can be significantly influenced by the topology and
traffic statuses of the entire road network, so this kind of discrete
road segment similarity based methods should have very poor
performances on inferring traffic statuses of complex urban road
networks. Besides, these discrete road segment similarity based
methods mostly focus on the traffic volume completion issue
of individual road segments, while the traffic statuses of urban
intersections are more important for urban traffic administrative
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departments since it has been proved that most urban hazards
and traffic problems concentrate on intersections [22].

For holistic road network spatiotemporal correlation based
methods, [17] first models the traffic volume of the entire
road network with transferred transition probabilities from a
third-party GPS dataset, uses a multi-variate normal distribution
model that takes transition probabilities as inputs to make the
incomplete surveillance space approximately complemented,
and finally infers real-time traffic volumes in road networks with
only partial intersections equipped with surveillances. However,
the hypothesis that the traffic volumes of urban road networks
follow a multi-variant distribution is too idealistic for real-world
data research. Further, this statistical model based method can-
not truly address the challenge of surveillance-free intersection
traffic volume inference since it still has to fill the parameters of
surveillance-free intersections by the parameters of the nearest
surveillance-deployed intersections.

In summary, existing works on addressing the problem of
spatial sparsity cannot effectively and deeply capture the holistic
inter-intersection spatial correlations which are the essential
elements in inferring citywide traffic volumes when some parts
of the surveillance information are unavailable. To this end, we
should tackle the problem of spatial sparsity with a new holistic
and deep learning perspective.

III. PROBLEM DEFINITION

In this section, we formally define basic concepts as well as
the problem studied in the work.

Definition 1. (Road Network): Given an urban road network,
it can be formalized as a directed graph G(V, ) where vertex
v; € V denotes urban intersection v; and edge e;; € £ indicates
the directed road segment from intersection v; to v;.

In practice, as demonstrated in Fig. 1, traffic surveillance
cameras are pre-deployed on the road intersections to obtain
intersection traffic volumes by analyzing and comprehending
captured images and videos. Based on the fact that whether
surveillance devices have been deployed, urban intersections
can be divided into two classes, monitored intersections V,,,
and unmonitored intersections V,,, where V;, UV, =V and
Vi NV, = 0.

Definition 2. (Taxicab Traffic Volume): Given an intersection
v; and a time interval At, we can compute the traffic volume of
this intersection v; within the given interval At and denote it as
fAt. Therefore, the traffic volumes of the entire road network
can be formulated by:

Fa= L a3t M

Definition 3. (Surveillance Traffic Volume): Given road net-
work G(V, ) and the pre-deployed road surveillance system,
the surveillance volume of intersection v; during time interval
At can be written as s, The surveillance traffic volumes of the
entire road network can be defined by:

At {slm Dt S\%It} )

Here, the surveillance traffic volume of a surveillance-free inter-
section i is null (s; = null iff s; € V,,,) regardless the setting
of time interval At.
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Fig. 3. Solution overview.

Worth noting that the traffic volume of an unmonitored inter-
section is null, while the traffic volume of a monitored intersec-
tion which has no vehicle cross by during a given time interval
should be 0. Notice that it is commonly accepted that urban traf-
fic flows have obvious time-varying patterns, and the setting of
the time interval can significantly influence the understanding of
urban traffic patterns [29]-[32]. With this preliminary, we define
taxicab volumes and surveillance volumes with the time-varying
traffic features.!

Definition 4. (Inference with Sparse Surveillance): In the
road network G(V, E), given sparse surveillance information
from monitored intersection set V,,, and a time interval At, our
purpose is to design an algorithm to estimate the traffic volume
of intersection v; € W,,/dgring the same time interval At.

Assuming 9t and 98 are the actual and estimated traffic
volumes of intersection v; during At respectively, if v; € V,,,
we have 92t = s8¢, The accuracy of traffic volume inference
can be estimated by equations 3.

,L9At

- 3)
DRt 4 [9AT— o

According to this equation, the accuracy of a monitored intersec-
tion is 100%, and for an unmonitored intersection, the accuracy
is determined by the ratio of the real value to the summation of

Inference Accuracy (IA) =

'At should be set with considering the equilibrium within the inference
accuracies and temporal granularity. We here divide the temporal data into
30-minute slots according to common knowledge [17]. The setting of At has
obvious correlations with the results of accuracy, and meanwhile, restricts the
pervasiveness of our model.
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the real value and the estimation error, and notice that such a
setting of the denominator is to normalize the accuracy to 1.

IV. ST-GAN FOR TRAFFIC VOLUME INFERENCE
A. Solution Overview

The overview of our proposed solution is illustrated in Fig. 3.
The main approach includes three stages, the data pre-processing
stage, the ST-GAN training stage, and the inference stage. De-
tails about each stage are illustrated as follows.

B. Data Pre-Processing

Since the surveillance traffic data are inherently incomplete,
we use a third-party taxicab dataset for learning traffic patterns
of the entire road network. Fig. 4 demonstrates the analysis of
similarities of traffic volumes between taxicab and surveillance
data in SIP. Fig. 4(a) illustrates the Pearson coefficient analysis
with different volumes, where positive correlations can be ob-
served between taxicab and surveillance data for intersection
traffic volumes. Fig. 4(b) shows the variation tendencies of
normalized average traffic volumes for both taxicab and surveil-
lance data, which also shows significant correlations between the
two. Based on such observations, we use taxicab traffic data as
training data for the learning of traffic patterns of urban vehicles,
and for further inferring the traffic volumes of surveillance-free
intersections. The benefits gained from adopting taxicab traffic
data are for its full coverage of all urban intersections. For
making it adaptive to the incomplete surveillance scenario, we
randomly mask a set of intersections for making the training
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Fig. 4. Analysis of the similarities of taxicab and monitored traffic volumes
in Suzhou. (a) Correlation analysis within different volumes. (b) Normalized
taxicab and traffic volumes.

data sparse. Thus, the masked taxicab data for traffic volumes
are as follows.

F_mask®' = {f_masklAt fomask®t ... f_mask‘%‘t}
“4)

where f_maskim is the after-masking taxicab volume of inter-
section v; during At, satisfying:

fAt v, is unselected
null v; is selected to be masked

f_maskft = { 5)

With the random masking method, we can enhance the ro-
bustness and generalization of our trained model, supporting
to capture the dynamic patterns of urban surveillance systems.
After being masked, the taxicab data is concatenated with
other static features of intersections, such as the numbers of
connected road segments and the surrounding POlIs, to gen-
erate an incomplete graph snapshot 2% for time interval At.
By doing so, we can use a series of incomplete graph snap-
shots &' = {gAt-(m=1) gAt=(m=2) ... pAY a5 inputs of the
ST-GAN network to infer the complete citywide volumes in
At, where m is the number of input time intervals.2

C. ST-GAN for Traffic Volume Inference

Our ST-GAN includes two modules following the conven-
tional GAN framework, a generator G and a discriminator D.
Generator G consists of two submodules, an ED-GCN for spatial
correlation learning and an LSTM for temporal correlation learn-
ing. The encoder of ED-GCN first extracts and maps the spatial
correlations of the inputted incomplete graph snapshots into high
dimensional graphs. The decoder of ED-GCN then decodes the
mapped high dimensional graphs to complete graph snapshots.
Finally, the outputted complete graph snapshots are fed into

2 According to the settings in [33], we set the value of m as 3.
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the LSTM to learn and exploit the temporal correlations of
intersection volumes. Regarding the discriminator D, it contains
two Fully Connected (FC) layers and a Sigmoid activation layer.
We then feed the generated complete graph snapshots and the
real graph snapshots into the discriminator D to distinguish
whether it is fake or real. With this minimax two-player game,
this adversarial process can eventually force G to generate plau-
sible and high-quality recovery of surveillance-free intersection
volumes.

1) Generator G: As above mentioned, G contains two parts,
ED-GCN and LSTM, for extracting the spatial and temporal
correlations of intersection volumes respectively. We hereby
introduce detailed implementations of this generator.

a) ED-GCN for spatial correlation learning: The detailed
architecture of ED-GCN is illustrated in Fig. 5. Here, we use
a multi-layer modified GCN to exploit the spatial correlations
within urban intersections in an encoder-decoder manner. The
convolution can only affect 1-hop neighbors of an intersec-
tion vertex, while the distribution of monitored intersections
is sparse. Thus we modify multi-layer convolutions to extract
the correlations within multi-hop neighbors.? Specifically, the
encoder and decoder are two three-layer symmetric GCNs.
Two additional ReLU activation functions are employed in the
second and fifth layer to make sure the results are non-linearized.
For calculating this multi-layer GCN network, instead of calcu-
lating the adjacent matrix of urban intersections, we compute
the weighted adjacent matrix M, for all urban intersections by
the following equation.

Qapl © Qg
Ma= :
Q[ Ay
where ag; = {Lane number of e;; e;; € € ©)
0 otherwise

Here, the element o;; in the matrix M, indicates the potential
traffic intensity from intersection v; to v;. Notice that the fact
ajj = a;; may not hold, so that matrix M, maybe not symmet-
ric. We thus generate a new matrix A by setting A = M, + Ijy.
Here, Iy is the identity matrix of [V| x [V|. Next, we generate
the degree diagonal matrix D of all intersections by the following
equation.

dy 0 - 0 ‘
0 dp -+ 0 4

D= where d;; = Z ay; (7)
: : : -
0 0 Ay

Here «;; is the ¢_th row and j_th column element of matrix A,
d;; 1s the degree of intersection v; in the road network graph
G(V, £). With these preliminaries, we then calculate the weight
laplacian matrix M of connections within intersections by:

M=D:iAD? 8)

3Considering the scale of the urban road network and the sparsity of surveil-
lance devices, we here set the number of layers to 6.
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For given time interval At, we can compute the ED-GCN by:

ReLUMHELW)) 1=2,5
M = ©)
MHEW, otherwise

Here, HlAfl and "HlAt are the input and output of the [_th layer,
respectively. And H5M = 21
the [_th layer.

The encoder sub-part is to learn the spatial correlations be-
tween urban intersections by encoding the input incomplete
graph snapshots to high-dimensional feature maps. It diffuses
the features of intersections to their adjacent neighbors, in
accordance to the adjacent matrix M,, by increasing the di-
mensionality of features to 128, 256, and 512 respectively. The
output of the encoder is |V| x 512. By using the output of the
encoder as the input, the decoder of a 3-layer GCN is to decrease
the dimensionality of features. The output of the decoder, denote
as H5%y, is [V| x 1. The outputted low dimensional complete
snapshots have involved all the initial high dimensional features
of urban road networks.

b) LSTM for temporal correlation learning: Due to the time-
varying features of urban traffics, we adopt the LSTM network
which is widely used in time sequence issues [34]. By con-
sidering the complete graph snapshots H &%, which enclosed
with the spatial correlations among all urban intersections, traffic
volumes of surveillance-free intersections can be inferred with
the time sequence analysis. Given time interval Af, by using
the outputted complete graph snapshots H5%,,, and the hidden
states Z2(=1D of LSTM cell of the last time interval as inputs,
the LSTM equation is defined as:

. W, represents the parameters of

TA' — LSTM (Hehy, 7207)) (10)
The LSTM cells enable our model to learn to retain or discard
historical information according to the training data. The final
output of the LSTM cell Z2? can be regarded as the inferred
citywide volumes at time interval At.

c) Volume loss of generator GG: With the outputted inference
of traffic volumes Z2* = (r{* 73> - - 7:31) of all urban inter-

sections, where 7% corresponds to the inferred taxicab volume

of intersection v;. We define the traffic volume loss function of
generator G as:

M

_ At At2
MZ (F =i

LossS,, = MSE (F21, 721) = (11)

vol —

2) Discriminator D: The discriminator contains two FC lay-
ers and one Sigmoid activation layer. Assuming the input of
discriminator D is ©2? for time interval At, where

FAt The input is real taxicab volumes
0% = (12)

T2t The input is inferred taxicab volumes

These two FC layers can reduce the input of real or inferred
taxicab volumes to a number y* for evaluating the reliability of
the inputs, where y2* = FC[FC(0©4?)]. The Sigmoid function
of discriminator D in the activation layer can be written as:
1
- (13)

ty _
)_l—f—e

The result of discriminator D is in the range [0,1]. With the
discriminator, we calculate the discriminator losses of real and
inferred traffic volumes by the following equations.

D (7))
log (D(T41))

D (@At) = Sigmoid (yA

Lossn,al = log (1 — (14)

Loss (15)

D —
inferred —

Notice that for the two equations, we expect the discriminated
results of real traffic volumes can be close to 1, as much as
possible. Also, we expect the discriminated result of inferred
volumes can be close to 0.

3) Losses of ST-GAN: The target of the discriminator is to
improve generator G on the accuracies of traffic volume infer-
ence, until the inferred data is able to deceive the discriminator.
Therefore, we expect discriminator D can well distinguish real
and inferred data, so the overall loss for training D is as follows.

LossP” = Loss? L+ Loss? (16)

rea. inferred

To help the generator G to deceive the discriminator, we have
to make sure that the discriminated result of inferred volumes is
close to 1. So, the loss function for training G is as follows.

Loss§,, = 1 — Loss? (17)

inferred

Based on that, the overall loss for training the proposed generator
G can be formulated as follows.

Loss® = LossS,, + LossS,, (18)

The parameters of ST-GAN are trained iteratively. We fix all
parameters of the discriminator during the training of generator
G with Loss®. We also fix all parameters of the generator while
training the discriminator D, similarly.

Authorized licensed use limited to: University of Science & Technology of China. Downloaded on September 14,2024 at 06:24:54 UTC from |IEEE Xplore. Restrictions apply.



9846

IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 71, NO. 9, SEPTEMBER 2022

TABLE I
DATASETS STATISTICS

GPS data SIP Shenzhen
Time span 1/2017-3/2017 1/2017-3/2017
Number of taxicabs 4,367 8,572
Average sampling rate 20 seconds per record 20 seconds per record
Surveillance data SIP Shenzhen
Time span 1/2017-3/2017 1/2017-3/2017
Number of total intersections 3,468 16,264
Number of surveillance-equipped intersections 103 129
Coverage rate 3.0% 0.8%

D. Traffic Volume Inference of Unmonitored Intersections

As illustrated in Fig. 3, after the training of ST-GAN, gener-
ator G is capable of inferring taxicab volumes for urban inter-
sections with masked taxicab volume dataset. Then, generator
G can be used for inferring urban traffic volumes with sparse
surveillance information in a transfer learning manner, with the
input of S2*. Accordingly, the traffic volumes of surveillance-
free intersections can be inferred.

E. Pseudocode of the Training Algorithm of ST-GAN

Algorithm 1 demonstrates the pseudocode of the training
pipeline of our ST-GAN model. Algorithm 1 takes the adjacency
matrix M, timestep parameter m in the LSTM model and a series
of incomplete graph snapshots as inputs. The outputs of Algo-
rithm 1 are parameters in the ST-GAN model, where 6, and 6,
are parameters of the ED-GCN module and the LSTM module in
generator G respectively, and 6 is the parameter of discriminator
D. In Algorithm 1, we first initialize the parameters with the
standard normal distribution. In the training phase, we input m
incomplete graph snapshots {22, p A4+ ... g A=Y ipgo
the ED-GCN at one time, and we can obtain m complete graph
snapshots {2t HAMH! ... HAM(M=DY from the output of
the ED-GCN. Then, we input these m complete graph snapshots
into the LSTM module and get the final complete graph snap-
shots at At + (m — 1) time slot. According to the ground truth
at this time slot, we calculate the loss of generator G via (18) and
the loss of discriminator D via (16), respectively. To be specific,
when 0y, 0, in G are fixed, we adjust the parameter 63 through
the loss of D. In the same way, we fix 63 in D when we adjust
the parameters 0,6, in generator GG. After the model trained
with the training data, the parameters 0y, 6, and 65 are obtained
finally. To achieve stable training of ST-GAN, we use adaptive
momentum estimation (Adma) optimizer [35] with learning rate
of 0.001, 5, = 0.5, and 3, = 0.999. For ED-GCN, we set the
node number to 16264 and the window size to 3. All our results
are generated on 8 NVIDIA Tesla V100 GPUs with a batch size
of 4.

V. EXPERIMENTS

In this section, we conduct extensive empirical studies to
evaluate our incomplete volume inference framework on two
real-world datasets.

A. Data Description

We use datasets from two different modern cities, i.e., SIP
and Shenzhen. The statistics are shown in Table I. Each dataset

Algorithm 1: Training Algorithm of ST-GAN.

Input: Timestep m; Adjacency matrix M; Road Network
G(V, &); Incomplete graph snapshots
{fAt7 xAtJrl’ . xAt+(m71)}'

Output: Learned ST-GAN model, all parameters (1, 65,
03) in this framework.

1: Initialize 60, 0,, 05

fort< 1---Tdo

3 {HAt7HAt+l,“_HAt-i-(m—l)} —

ED-GCN({zAt, pAt+! g A=D1 AL 0));

N

4;  JAtHm-1)
LSTM({HAt, ];]'AtJrl7 . HAtﬁL(mfl)}’ m, 92);
5: Loss® «

1- Lossﬁfewed(ﬁl ,0,03) + LossS (01, 60,);

6:  Loss” « LossP ,(05) + Lossﬁfewed(&, 0,,05);
7. Let 6, 0, fixed, do
8: 03 < Adamopt(Loss®, [03]);
9: Let 05 fixed, do
10: (6, 0,) < Adamopt(Loss®, [01, 62]);
11: end for

12: return 6y, 05, 05

contains two sub-datasets: GPS data and surveillance data at
road intersections as follows.
® GPS data: There are 4, 367 and 8, 572 taxicabs that upload
their accurate GPS information every 20 seconds via their
equipped 4 G devices running independently in SIP and
Shenzhen, respectively. We collect the GPS data in SIP
and Shenzhen from Jan 1, 2017 to Mar 31, 2017, and
subsequently generate the corresponding training data.
® Surveillance data: For the same period from Jan 1, 2017 to
Mar 31, 2017, we use all sparse surveillance information
collected from monitoring in SIP and Shenzhen, and match
this dataset with the GPS dataset.

B. Implementation Details

In the training phase, we first generate citywide taxicab vol-
umes by GPS data. At each time interval, we randomly select
to mask part of intersection volumes, leaving the masked inter-
section volumes as the target data to be inferred. The original
citywide volumes are viewed as the ground-truth to train our ST-
GAN model, with the Adam optimization in a back-propagation
manner.

In the testing phase, we use the traffic volume informa-
tion obtained by surveillance-equipped intersections. The traffic
volume information of surveillance-free intersections can be
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Fig. 6. Performance comparisons on different days. (a) Performance in SIP.

(b) Performance in Shenzhen.

seen as the masked values in the training phase. Due to the inher-
ent lack of ground-truth data at surveillance-free intersections,
we randomly select 20% surveillance-equipped intersections
with volumes and assume they are also surveillance-free for
numerical comparisons and model evaluations.

C. Evaluation Results and Analysis

1) Baselines: We evaluate the performance of our ST-GAN
model by comparing it with the following baseline models.

e Linear Regression (LR) [36]: It is a linear model which
learns to infer traffic volumes from previous observations
of surveillance-equipped intersections and related road
network features.

¢ Generalization module for citywide volume inference (CT-
Gen) [16]: It is a generalized model which infers the
volumes by distilling the extrinsic dependencies among
existing volume surveillances with neural key-value atten-
tion architecture.

e Traffic Volume Inferring with Sparse Video Surveillance
Cameras (TISV) [17]: It is a multi-variate distribution
based citywide volume inference model by utilizing third-
party vehicle GPS data.

e Deep Autoencoder (DAE) [37]: It is an encoder-decoder
based method with a deep neural architecture to infer the
citywide volumes. In this article, we use the ED-GCN
which is part of our ST-GAN as the deep neural archi-
tecture.

2) Performance Comparison: We evaluate the performance
of different models on the metric of Inference Accuracy (IA)
proposed in (3).

a) Impact of day type: We show the effectiveness of our
proposal in Fig. 6. It can be observed that the accuracy of our
proposed ST-GAN method is steadily above 75% in SIP and
73% in Shenzhen during randomly selected ten days, whether
on weekdays or weekends. Compared with the baseline methods
(i.e. CT-Gen, TISV, LR and DAE), our solution can increase
the accuracy by 35.89%, 29.86%, 28.81%, 10.43% in SIP and
32.41%, 27.42%, 25.90%, 13.85% in Shenzhen. Among four
baselines, DAE performs the best with the encoder-decoder
mechanism. Since DAE does not consider temporal relation-
ships and lacks the discriminator, the inference accuracy is
significantly less than ours. For TISV, the strong assumption
of multi-variant normal distribution traps the algorithm into a
relatively lower accuracy. LR is a linear model and it fails to
capture complex spatial relationships between intersections. As
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Fig.7. Performance comparisons during different time slots. (a) Performance

during different time slots in SIP. (b) Performance during different time slots in
Shenzhen.

shown, CT-Gen performs the worst due to the lack of spatial
correlations in consideration. By contrast, we consider the com-
plex spatiotemporal relationships and solve the sparse problem
with the help of third-party data, which takes effect in our spatial
sparsity challenge task.

b) Impact of time slots: We also examine the performance
with respect to the effects of time slots in Fig. 7. Obviously,
our method consistently obtains higher accuracies than others
in any time slot even though with little fluctuations. This kind
of fluctuation may be related to the complexity and variations in
traffic patterns. For example, During the day, especially during
the rush hours, since taxis are for-profit and the road conditions
are prone to congestion, the travel routes chosen by some drivers
may be unconventional, so there is a deviation between the taxi
travel pattern and the overall travel pattern. At night, the overall
traffic condition is relatively smooth, and the travel choices of
drivers are more normal, so the taxi travel pattern is more similar
to the overall travel pattern. Further, as shown in Figs. 8 and
9, whether on weekdays or weekends, taxicab and monitored
traffic volumes are more similar during night times than during
rush hours, which more clearly demonstrates the fluctuations in
inference accuracy.

3) Inferring Error Analysis: We also utilize widely used
metrics to quantify the inferring errors of different methods,
including Mean Absolute Error (MAE), and Root Mean Square
Error (RMSE), shown as below.

D]

MAE = ‘Ti' Z PRt — 9AL (19)
=1
D)
(20)

1
SE=,| =3 (92 —pai
RMSE IDI;(l :
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Fig. 9. Similarities between taxicab and monitoring traffic volumes on weekends.

where 92t and 9£* are the actual and inferred traffic volumes
at intersection v; during At, respectively. D is the total number
of verifying intersections. The experimental results are shown
in Table II. We found our ST-GAN model achieves the best
performance on both two real-world datasets.

Fig. 10 visualizes the inferring errors of all evaluated models
in terms of MAE. To achieve a more comprehensive and intuitive
understanding of the absolute error values of all methods, we first
leverage the Kernel Density Estimation [38] method to calculate
the probability density distribution of all intersections’ average
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TABLE II
INFERRING ERROR COMPARISONS

SIP / Shenzhen
Model MAE RMSE
LR 206 /228 | 2117243
TISV 229 /236 250 / 268
CT-Gen 249 /255 | 275/ 287
DAE 164 / 187 196 / 214
ST-GAN 84 /103 105/ 127
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Fig. 10. Inferring Errors Analysis in SIP. (a) Traffic Volumes Distribution.

(b) Inferring Errors Comparison.

TABLE III
PERFORMANCE ON DIFFERENT VARIANTS OF ST-GAN

SIP Shenzhen
Variants Weekdays | Weekends | Weekdays | Weekends
Model 1 0.7033 0.6968 0.6829 0.6653
Model 2 0.7180 0.6940 0.6983 0.6914
Model 3 0.7228 0.7063 0.7039 0.6827
Model 4 0.6709 0.6553 0.6550 0.6453
Integrated 0.7668 0.7551 0.7424 0.7380

traffic volumes during all time intervals in 10 different days,
and the results are shown in Fig. 10(a). We found that the traffic
volumes between 300 and 500 are more than 50% of time slots.
Fig. 10(b) is a boxplot that demonstrates the average inferring
errors obtained from different methods at time slots in 10 days.
We can see that the average inferring error of our ST-GAN model
is much smaller than other methods. Moreover, the average
inferring errors of other methods (i,e, TISV, CT-Gen, and DAE)
are not only large in the average value but also fluctuate greatly.
For our ST-GAN, the inferring errors fluctuate in a small range.
Although the inferring error range of LR is also small, the value
of inferring errors in the range is fairly large.

D. Ablative Studies

In order to evaluate the importance of each component in
our ST-GAN, we design the following ablation study. We re-
move four well-designed components subsequently as follows:
(i) LSTM module (Model 1), (ii) Substitute ED-GCN for a
traditional GCN layer (Model 2), (iii) Discriminator in GAN
(Model 3), (iv) LSTM, and discriminator (Model 4). Except for
the changed part(s), all ST-GAN variants have the same structure
and parameter settings. We compare the performance of variants
both on weekdays and weekends to observe the changes between
them. The numerical results are shown in Table III.
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Overall, the integrated model consistently outperforms other
alternative variants regardless of weekdays or weekends. As
illustrated, LSTM and discriminator modules contribute to more
than 10.4% improvement in SIP and 13.8% improvement in
Shenzhen, respectively. This also verifies the effectiveness of our
consideration of temporal effects and the generative-adversarial
process. Further, as the result of Model 2 shows, incorporating
the encoder-decoder mechanism in traditional GCN also makes
sense in our integrated model.

E. Case Study

As Fig. 2 shows, our work is a sub-research based on a real
project in cooperating with the traffic administrative agency of
SIP. Fig. 11 shows our real application within three time intervals
of two typical subregions, i.e., (i) Jinji CBD and (ii) Xietang
Residential Community. In the figure, the point color of red or
purple demonstrates the traffic volume of an intersection is mon-
itored by the pre-deployed surveillance camera or inferred by
our method. In addition, the size of points represents the relative
value of the traffic volumes. The visualization results show that
the inferred traffic volumes have achieved the expected effect,
and we will interpret it from the following three perspectives:

e Spatial similarity: Whether in Jinji CBD or Xietang Res-
idential Community, the distribution of inferred traffic
volumes of surveillance-free intersections and volumes of
surveillance-equipped intersections are consistent. If the
traffic volumes at these intersections are integrated, we find
that the overall distribution of traffic volumes across the
region is reasonable. Especially in CBD area, the traffic
flow shows a distribution that spreads to the surrounding
area.

e Temporal dynamics: In Jinji CBD, for surveillance-
equipped intersections, the actual traffic volumes dur-
ing the interval of 7:00 ~ 8:00 a.m. show an upward
trend, which indicates that this interval is rush hour. For
surveillance-free intersections, the inferred traffic volumes
during this interval also show an upward trend, which is
consistent with the actual situation. In Xietang Residential
Community, the actual traffic volumes show a stable trend,
which is also in line with the characteristics of residential
areas. In addition, the inferred traffic volumes change
smoothly, which is consistent with the actual situation.
The above changes indicate that our model can learn this
dynamic trend of traffic over time. The above information
indicates that our model can learn the trend of dynamic
change of traffic volume.

® Mobility tendency: In Jinji CBD, the actual traffic volumes
during the interval of 7:00 ~ 7:30 is small. As officers
move from various residential areas mostly located in the
southern and western in SIP to business blocks during peak
hours in the morning, the actual traffic volumes during the
time interval of 7:30 ~ 8:00 increase significantly, and
traffic volumes tend to move from south to north and from
west to east in these time intervals. Obviously, the inferred
traffic volumes also conform to this trend.

According to the above analysis, ST-GAN already has the

ability to capture spatial similarity, temporal dynamics, and
mobility tendency. The visualized results not only corroborate
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Fig. 11.

Traffic volumes visualization of typical regions. The size of points represents the relative value of the traffic volume at the corresponding intersection,

and the point color of red or purple demonstrates the traffic volume of an intersection is monitored by the pre-deployed surveillance camera or inferred by our

method, respectively.

other experimental results but also show that our model can
tackle the permanent sparse challenges effectively.

VI. DISCUSSION

In this section, we discuss some practical issues and lessons
learned in this article.

Inferring traffic volumes with sparse surveillance informa-
tion: In this work, we propose a novel ST-GAN to exploit the
spatiotemporal correlations within urban intersections, and then
infer traffic volumes with only sparse surveillance information in
a transfer learning manner. Experiments show that our approach
can effectively infer traffic volumes for unmonitored intersec-
tions with the information obtained from fixed sparse urban
traffic surveillance cameras, which only cover 3.0% and 0.8% of
all intersections in SIP and Shenzhen, respectively. Further, the
time complexity of each GCN layer is O(|E|C'F) [39], where €]
is the number of graph edges, C' is the number of input channels,
and F' is the dimension of feature maps in the output layer. Our
modified multi-layer GCN component can finish one inferring
in 0.129 seconds on average with 8 NVIDIA Tesla V100 GPUs.

The superiority of the technique for urban computing appli-
cations: In most existing intelligent transportation applications,
urban traffic information is usually retrieved on the crowdsourc-
ing platforms [40]-[42], or provided by telecommunication
suppliers [43]. The results are somehow untrustworthy due to the
inherent unreliable nature of the low-deployment-cost crowd-
sourcing platforms. Figure 12 demonstrates a case of cheating
existing monitoring Apps, which originated from a performance
art by the German artist Simon Weckert [44]. Specifically, in this
case study, 99 used smartphones are transported in a handcart
to generate virtual traffic jams in Google Maps. Through this
activity, it is possible to turn a green street into red, which has
an impact on the physical world. In our work, the information
collected by traffic video surveillance systems is obtained in real-
time and accurately for the intersections with equipped devices.
Combined with advanced communication technology [45], [46],

Fig. 12.

A case of cheating existing monitoring Apps with a small toy trailer
of mobile phones: Google map shows that the street is heavily congested while
the traffic of the street is quite smooth [44].

we believe that it makes a better and more reliable basis for
advanced urban traffic intelligent systems.

Scalability of ST-GAN network: Our work is cross-validated in
two typical cities in China. Further, it can also be a paradigmatic
solution in various spatiotemporal applications, ranging from re-
gional epidemics predictions to masked human action detection
in vision tasks where sparse surveillance data is collected perma-
nently [47], [48]. Specifically, the encoder and decoder of GCN
empower to extract the node-wise correlations in graph-structure
data, such as infected populations in cities or detected human
skeletons in the graph form. Then the nodes that need to be
predicted in the objective graph can be inferred by the GAN
architecture with an auxiliary dataset, advancing the deeper
applications of the graph-level management like population flow
controlling and action prediction.

Possibility to integrate with federated learning: Federated
learning has recently been widely used in intelligent trans-
portation [49]—-[51] and the Internet of Vehicles [52], [53] due
to the ability to break down isolated data islands and protect
data privacy. Integrating federated learning with ST-GAN is a
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potential means to improve model accuracy and generalization
in the future. Inspired by federated learning, we can lever-
age distributed organizations to cooperatively train local traffic
datasets in different regions to obtain a globally shared traffic
pattern inference model without exchanging raw data, which can
maximize the available resources of the model and ensure the
privacy and security of users.

Further issues of the inferring model: Even though our
proposed model ST-GAN can alleviate the overfitting on lo-
cal neighborhood structures for graphs with very wide node
degree distributions, the possible influence of the percentage
that intersections with stationary surveillance cameras account
for has not been discussed since the case of intensive traffic
surveillance devices in urban areas has not been found. We will
further investigate what will happen if the coverage of monitored
intersection decreases, and where is the lowest boundary of the
coverage ratio if we want to push the proposed algorithm to
become practical.

VII. CONCLUSION

In this article, we propose a novel integrated network ST-GAN
to infer the traffic volumes for surveillance-free intersections
with only sparse surveillance information. Based on highly
positive correlations between taxicab and surveillance traffic
patterns, we generate the training data with masked taxicab
traffic volumes obtained from third-party trajectory datasets of
reliable floating vehicles. With the well-designed ED-GCN and
LSTM incorporated, our ST-GAN has the ability to capture
the spatiotemporal traffic patterns between intersections. We
further enhance the deep representations by taking advantage
of the iterative improved adversarial mechanism. And finally,
we infer the traffic volumes of surveillance-free intersections
with only sparse surveillance by using the generator of the
trained ST-GAN independently in a transfer learning manner.
Performance evaluations on real-world datasets demonstrate the
effectiveness of our proposal. Therefore, our work provides
a brand-new solution to tackle the permanent spatial sparsity
challenge from a deep-learning perspective.

In the future, our possible improvement directions include
task-specific and task-independent. Task-specific promotion is
to leverage multi-source data rather than just taxicab trajectories
to further establish the knowledge graph with various auxiliary
information for spatiotemporal fusion. Thus, the sparsity chal-
lenge of monitored traffic data can be alleviated subsequently,
and the inference accuracy of our model can also be improved.
Task-independent modification is to further investigate and un-
derstand the uncertainty caused by the sparsity of spatiotemporal
data, and to support more general predictions like mobility-based
pandemic controlling problem and the cold-start problem in
recommender systems.

REFERENCES

[1] E. Bas, A. M. Tekalp, and F. S. Salman, “Automatic vehicle counting
from video for traffic flow analysis,” in Proc. IEEE Intell. Veh. Symp.,
2007, pp. 392-397.

[2] H.Liu,S. Chen, and N. Kubota, “Intelligent video systems and analytics: A
survey,” IEEE Trans. Ind. Inform.,vol. 9,no. 3, pp. 1222-1233, Aug. 2013.

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

(11]

[12]

[13]

[14]

[15]

[16]

(17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

9851

P. W. Patil, A. Dudhane, and S. Murala, “End-to-end recurrent generative
adversarial network for traffic and surveillance applications,” IEEE Trans.
Veh. Technol., vol. 69, no. 12, pp. 14550-14562, Dec. 2020.

J. Zhang, F.-Y. Wang, K. Wang, W.-H. Lin, X. Xu, and C. Chen, “Data-
driven intelligent transportation systems: A survey,” IEEE Trans. Intell.
Transp. Syst., vol. 12, no. 4, pp. 1624-1639, Dec. 2011.

Y. Zhang, B. Wang, Z. Shan, Z. Zhou, and Y. Wang, “CMT-Net: A
mutual transition aware framework for taxicab pick-ups and drop-offs
co-prediction,” in Proc. 15th ACM WSDM, 2022, pp. 1406—-1414.

X. Ding, J. Wang, C. Dong, and Y. Huang, “Vehicle type recognition
from surveillance data based on deep active learning,” IEEE Trans. Veh.
Technol., vol. 69, no. 3, pp. 2477-2486, Mar. 2020.

H. Gonzalez, J. Han, X. Li, M. Myslinska, and J. P. Sondag, “Adaptive
fastest path computation on a road network: A traffic mining approach,”
in Proc. 33rd Int. Conf. Very Large Data Bases, 2007, pp. 794-805.

E. Schmitt and H. Jula, “Vehicle route guidance systems: Classification and
comparison,” in Proc. IEEE Intell. Transp. Syst. Conf., 2000, pp. 242-247.
G. Leduc, “Road traffic data: Collection methods and applications,” Work.
Papers Energy, Transport Climate Change, vol. 1, no. 55, pp. 1-55, 2008.
J. Liu, H. Guo, J. Xiong, N. Kato, J. Zhang, and Y. Zhang, “Smart
and resilient EV charging in SDN-enhanced vehicular edge computing
networks,” IEEE J. Sel. Areas Commun., vol. 38, no. 1, pp. 217-228,
Jan. 2020.

K. Suzuki and H. Nakamura, “TrafficAnalyzer-the integrated video image
processing system for traffic flow analysis,” in Proc. 13th World Congr.
Intell. Transp. Syst., 2006, pp. 1-8.

X. Song, Y. Guo, N. Li, and L. Zhang, “Online traffic flow prediction
for edge computing-enhanced autonomous and connected vehicles,” [EEE
Trans. Veh. Technol., vol. 70, no. 3, pp. 2101-2111, Mar. 2021.

R. Yasdi, “Prediction of road traffic using a neural network approach,”
Neural Comput. Appl., vol. 8, no. 2, pp. 135-142, May 1999.

C. De Fabritiis, R. Ragona, and G. Valenti, “Traffic estimation and pre-
diction based on real time floating car data,” in Proc. 11th IEEE Intell.
Transp. Syst. Conf., 2008, pp. 197-203.

A. Koesdwiady, R. Soua, and F. Karray, “Improving traffic flow prediction
with weather information in connected cars: A deep learning approach,”
IEEE Trans. Veh. Technol., vol. 65, no. 12, pp. 9508-9517, Dec. 2016.
X.Yi,Z.Duan, T. Li, T. Li, J. Zhang, and Y. Zheng, “Citytraffic: Modeling
citywide traffic via neural memorization and generalization approach,” in
Proc. 28th ACM Int. Conf. Inf. Knowl. Manage., 2019, pp. 2665-2671.
Y. Wang, Y. Xiao, X. Xie, R. Chen, and H. Liu, “Real-time traffic pattern
analysis and inference with sparse video surveillance information,” in
Proc. 27th Int. Joint Conf. Artif. Intell., 2018, pp. 3571-3577.

C. Meng, X. Yi, L. Su, J. Gao, and Y. Zheng, “City-wide traffic volume
inference with loop detector data and taxi trajectories,” in Proc. 25th ACM
SIGSPATIAL Int. Conf. Adv. Geographic Inf. Syst., 2017, pp. 1-10.

X. Zhan, Y. Zheng, X. Yi, and S. V. Ukkusuri, “Citywide traffic volume
estimation using trajectory data,” IEEE Trans. Knowl. Data Eng., vol. 29,
no. 2, pp. 272-285, Feb. 2016.

M. A.M. Izhar, A.J. Aljohani, S. X. Ng, and L. Hanzo, “Joint decoding and
estimation of spatio-temporally correlated binary sources,” IEEE Trans.
Veh. Technol., vol. 67, no. 7, pp. 6690-6694, Jul. 2018.

C. Zhao, X. Duan, L. Cai, and P. Cheng, “Vehicle platooning with non-
ideal communication networks,” IEEE Trans. Veh. Technol., vol. 70, no. 1,
pp. 18-32, Jan. 2020.

S. Anowar, M. D. Alam, and M. A. Raihan, “Analysis of accident patterns at
selected intersections of an urban arterial,” in Proc. 21st ICTCT Workshop,
2008.

Y. Li, S. Liu, J. Yang, and M.-H. Yang, “Generative face completion,” in
Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2017, pp. 3911-3919.
B. Yu, H. Yin, and Z. Zhu, “Spatio-temporal graph convolutional networks:
A deep learning framework for traffic forecasting,” in Proc. 27th Int. Joint
Conf. Artif. Intell., 2018, pp. 3634-3640.

X. Wang, C. Chen, Y. Min, J. He, B. Yang, and Y. Zhang, “Efficient
metropolitan traffic prediction based on graph recurrent neural network,”
2018, arXiv:1811.00740.

X. Geng et al., “Spatiotemporal multi-graph convolution network for ride-
hailing demand forecasting,” in Proc. 33st AAAI Conf. Artif. Intell., 2019,
vol. 33, pp. 3656-3663.

J. Zhang, Y. Zheng, and D. Qi, “Deep spatio-temporal residual networks
for citywide crowd flows prediction,” in Proc. 31st AAAI Conf. Artif. Intell.,
2017, vol. 31, no. 1, pp. 1655-1661.

D. Jo, B. Yu, H. Jeon, and K. Sohn, “Image-to-image learning to predict
traffic speeds by considering area-wide spatio-temporal dependencies,”
IEEE Trans. Veh. Technol., vol. 68, no. 2, pp. 1188-1197, Feb. 2018.

Authorized licensed use limited to: University of Science & Technology of China. Downloaded on September 14,2024 at 06:24:54 UTC from |IEEE Xplore. Restrictions apply.



9852

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 71, NO. 9, SEPTEMBER 2022

Y. Wang, L. Huang, T. Gu, H. Wei, K. Xing, and J. Zhang, “Data-driven
traffic flow analysis for vehicular communications,” in Proc. IEEE Conf.
Comput. Commun. IEEE, 2014, pp. 1977-1985.

Z. Xu et al., “Large-scale order dispatch in on-demand ride-hailing plat-
forms: A learning and planning approach,” in Proc. 24th ACM SIGKDD
Int. Conf. Knowl. Discov. Data Mining, 2018, pp. 905-913.

J. Yuan, Y. Zheng, X. Xie, and G. Sun, “T-drive: Enhancing driving
directions with taxi drivers’ intelligence,” IEEE Trans. Knowl. Data Eng.,
vol. 25, no. 1, pp. 220-232, Jan. 2011.

N. J. Yuan, Y. Zheng, and X. Xie, “Segmentation of urban areas using
road networks,” Microsoft, Albuquerque, NM, USA, Tech. Rep. MSR-
TR-2012-65, 2012.

X.Dai,R.Fu, Y.Lin, L. Li, and FE.-Y. Wang, “DeepTrend: A deep hierarchi-
cal neural network for traffic flow prediction,” 2017, arXiv:1707.03213.
S. Hochreiter and J. Schmidhuber, “LSTM can solve hard long time
lag problems,” in Proc. Conf. Adv. Neural Inf. Process. Syst., 1997,
pp. 473-479.

D. P. Kingma and J. Ba, “ADAM: A method for stochastic optimization,”
2014, arXiv:1412.6980.

J. He, W. Shen, P. Divakaruni, L. Wynter, and R. Lawrence, “Improving
traffic prediction with tweet semantics,” in Proc. 23th Int. Joint Conf. Artif.
Intell., 2013, pp. 1387-1393.

G. E. Hinton and R. R. Salakhutdinov, “Reducing the dimensionality of
data with neural networks,” Science, vol. 313, no. 5786, pp. 504-507,
2006.

H. Schaeben, “Exploratory orientation data analysis: Kernel density
estimation and clustering,” Mater. Sci. Forum, vol. 157, pp. 431-438,
1994.

T. N. Kipf and M. Welling, “Semi-supervised classification with graph
convolutional networks,” 2016, arXiv:1609.02907.

Z. Liu, L. Chen, and Y. Tong, “Realtime traffic speed estimation with
sparse crowdsourced data,” in Proc. IEEE 34th Int. Conf. Data Eng., 2018,
pp- 329-340.

Y. Jiao, P. Wang, D. Niyato, B. Lin, and D. I. Kim, “Mechanism design
for wireless powered spatial crowdsourcing networks,” IEEE Trans. Veh.
Technol., vol. 69, no. 1, pp. 920-934, Jan. 2020.

Y. Lin, Z. Cai, X. Wang, F. Hao, L. Wang, and A. M. V. V. Sai,
“Multi-round incentive mechanism for cold start-enabled mobile crowd-
sensing,” IEEE Trans. Veh. Technol., vol. 70, no. 1, pp. 993—-1007, Jan.
2021.

S. Tao, V. Manolopoulos, S. Rodriguez Duenas, and A. Rusu, “Real-time
urban traffic state estimation with A-GPS mobile phones as probes,” J.
Transp. Technol., vol. 2, no. 1, pp. 22-31, Nov. 2012.

S. Weckert, “Google maps hacks,” 2020. [Online]. Available: http:/
simonweckert.com/googlemapshacks.html

H. Guo, X. Zhou, J. Liu, and Y. Zhang, “Vehicular intelligence in 6G:
Networking, communications, and computing,” Veh. Commun., vol. 33,
2021, Art. no. 100399.

S.Zhang, J. Liu, T. K. Rodrigues, and N. Kato, “Deep learning techniques
for advancing 6G communications in the physical layer,” IEEE Wireless
Commun., vol. 28, no. 5, pp. 141-147, Oct. 2021.

J. Liu, Z. Shi, S. Zhang, and N. Kato, “Distributed Q-learning aided uplink
grant-free NOMA for massive machine-type communications,” /IEEE J.
Sel. Areas Commun., vol. 39, no. 7, pp. 2029-2041, Jul. 2021.

H. Yu, Z. Li, G. Zhang, P. Liu, and J. Wang, “Extracting and predicting
taxi hotspots in spatiotemporal dimensions using conditional generative
adversarial neural networks,” IEEE Trans. Veh. Technol., vol. 69, no. 4,
pp- 3680-3692, Apr. 2020.

T.-C. Chiu, W.-C. Lin, A.-C. Pang, and L.-C. Cheng, “Dual-masking
framework against two-sided model attacks in federated learning,” in Proc.
IEEE Glob. Commun. Conf., 2021, pp. 1-6.

Y. Liu, J. James, J. Kang, D. Niyato, and S. Zhang, “Privacy-preserving
traffic flow prediction: A federated learning approach,” IEEE Internet
Things J., vol. 7, no. 8, pp. 7751-7763, 2020.

L.-Y. Chen, T.-C. Chiu, A.-C. Pang, and L.-C. Cheng, “Fedequal: Defend-
ing model poisoning attacks in heterogeneous federated learning,” in Proc.
IEEE Glob. Commun. Conf., 2021, pp. 1-6.

X. Li, L. Cheng, C. Sun, K.-Y. Lam, X. Wang, and F. Li,
“Federated-learning-empowered collaborative data sharing for vehicu-
lar edge networks,” IEEE Netw., vol. 35, no. 3, pp. 116-124, May/Jun.
2021.

A.-C.Pang, E. Au, B. Ai, and W. Zhuang, “Guest editorial introduction to
the special section on fog/edge computing for autonomous and connected
cars,” IEEE Trans. Veh. Technol., vol. 68, no. 4, pp. 3059-3060, Apr.
2019.

Pengkun Wang received the bachelor’s degree from
Jilin University, Changchun, China, in 2017. He is
currently working toward the Doctoral degree with
the School of Data Science, University of Science
and Technology of China, Hefei, China. His research
interests mainly include data mining, multimodal fu-
sion, and computer vision.

Chaochao Zhu received the master’s degree from
the University of Science and Technology of China,
Hefei, China. He is currently with HUAWEI TECH-
NOLOGIES Inc. His research interests include ma-
chine learning and data mining in traffic applications.

Xu Wang received the bachelor’s degree in automa-
tion from North Eastern University, Shenyang, China,
in 2017. He is currently working toward the Doctoral
degree with the School of Data Science, University
of Science and Technology of China, Hefei, China.
His research interests mainly include data mining,
machine learning, and computer vision.

Zhengyang Zhou (Student Member, IEEE) is cur-
rently working toward the Doctoral degree with the
School of Computer Science and Technology, Uni-
versity of Science and Technology of China, Hefei,
China. His research interests include machine learn-
ing, spatiotemporal data mining, and also artificial
intelligence in traffic applications. He is a Student
Member of AAAL

Guang Wang is currently a Postdoctoral Research
Associate with MIT Media Lab, working with Prof.
Alex ‘Sandy’ Pentland and his group for the Con-
nection Science Program. His research interests in-
clude data-driven research, e.g., finding meaningful
patterns from data and then designing applications to
enhance systems the data generated.

Yang Wang (Senior Member, IEEE) received the
Ph.D. degree from the University of Science and
Technology of China (USTC), Hefei, China, in 2007,
under the supervision of Professor Liusheng Huang.
He is currently an Associate Professor with USTC.
His research interests mainly include wireless net-
works, distributed systems, data mining, and machine
learning.

Authorized licensed use limited to: University of Science & Technology of China. Downloaded on September 14,2024 at 06:24:54 UTC from |IEEE Xplore. Restrictions apply.


http://simonweckert.com/googlemapshacks.html
http://simonweckert.com/googlemapshacks.html


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

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


