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ABSTRACT Severe traffic congestion has promoted the development of the Intelligent Transportation
System (ITS). Accurately analyzing and predicting the traffic states of the urban road networks has important
theoretical significance and practical value for improving traffic efficiency and formulating ITS scheme
according to local conditions. This study aims to identify and predict the traffic operation status in the road
network within the Third Ring Road in Xi’an and explore spatiotemporal patterns of traffic congestion.
In this paper, firstly, we discriminated the traffic status of the urban road network used the GPS data of
floating vehicles (e.g., taxis and buses) in Xi’an by the Travel Time Index (TTI). Secondly, we used the
emerging hot spot analysis method to locate different hot spot patterns. The time series clustering method
was used to divide the whole road network’s locations into distinct clusters with similar spatiotemporal
characteristics. Thirdly, we applied three different time series forecasting models, including Curve Fit
Forecast (CFF), Exponential Smoothing Forecast (ESF), Forest-based Forecast (FBF), to predict the traffic
operation status. Finally, we summarized the spatiotemporal characteristics of thewhole-network congestion.
The results of this study can contribute some helpful insights for alleviating traffic congestion. For instance,
it is essential to speed up the construction of urban traffic microcirculation and increase the road network
density. Moreover, it is crucial to adhere to the urban public transport priority development strategy and
increase public transportation travel sharing.

INDEX TERMS Urban traffic congestion, spatiotemporal pattern, short-term prediction, taxi trajectory, road
traffic performance index.

I. INTRODUCTION
With the rapid growth of private vehicle ownership, the
corresponding transportation infrastructure is insufficiently
supplied, traffic congestion has become more serious, affect-
ing people’s travel and limiting the city’s economic stable
development [1], [2]. Due to traffic congestion, the most
influential cities in China suffer economic losses of $1 billion
every year [3]. The European Commission calculates that the
annual cost related to traffic congestion is about 100 billion
euros (1% of GDP) [4]. The traffic congestion raises gas
consumption, aggravates environmental pollution, and raises
residents’ travel time [5]. Understanding the spatiotemporal
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patterns of traffic congestion and predicting the short-term
traffic state are significant urban management challenges [6].
Despite much research on route optimization and congestion
prediction, there is still an inadequate understanding of the
whole road network’s spatiotemporal congestion patterns.
Accurately assessing the spatiotemporal characteristics of
urban traffic congestion and deeply mining its complex oper-
ation regularity has important theoretical significance and
practical value for improving traffic operation efficiency and
intelligent traffic management technology [7].

Most of the existing studies focus on improving mod-
els and algorithms of traffic data from a single source and
focusing on analyzing and predicting traffic conditions in
congested sections or regions. There is a lack of research
on multi-source traffic big data for the whole road network.
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Traditional methods are mostly microscopic methods based
on simulation, which are difficult to be applied to real life [8].
Moreover, it is challenging to explore the spatiotemporal
distribution and evolution trend of recurrent congestion at
the macro level. Therefore, we divided the road network of
Xi’an into a small grid with a geographic position, which
has significant application value and practical significance.
Simultaneously, the calculation and analysis of GPS data at
the grid level can eliminate the process of map matching,
improving the calculation efficiency [9]. Besides, due to the
complexity of roads and taxi drivers’ driving characteristics,
obtaining current or future road traffic operation status is a
huge challenge. Because of its operating model, no-load taxis
will travel slowly to look for passengers, which reduces the
road’s capacity and, in severe cases, may cause traffic conges-
tion. Compared with the running speed of taxis, the driving
trajectory of buses is relatively stable and regular [3]. Tomake
the spatiotemporal patterns more informative, we integrated
the GPS data from taxis and buses.

Although various algorithms have been used to mine
the traffic congestion evolution regularity, there are little
researches on the formation mechanism and internal reason
of the whole road network traffic condition. There are two
main types of traffic congestion in urban roads: recurrent
congestion and occasional congestion. Occasional congestion
is usually generated by emergencies, such as traffic acci-
dents and temporary traffic control, while periodic traffic
flows usually cause recurrent congestion [10]. Unlike the
randomness of occasional congestion, recurrent congestion
has specific rules in forming, spreading, and dissipating.
On different days, the generation and dissipation time of
congestion is always the same in the temporal dimension,
while the location, propagation direction, and influence range
of congestion are highly similar in spatial dimension [11].
This study focused on the spatiotemporal patterns of recurrent
congestion on working days. The spatiotemporal pattern of
recurrent congestion should be minded continuously, adopt-
ing management and control measures at the macroscopic
road network level to settle the congestion problem.

The remainder of this article is structured as fol-
lows: Section 2 reviews the research results in associ-
ated areas; Section 3 presents the study area and dataset.
Section 4 details the used method; Section 5 discusses model
results; Section 6 summarizes the conclusions.

II. LITERATURE REVIEW
The first step in traffic control and management is to quantify
urban roads’ operating status. The road traffic performance
index is a comprehensive indicator reflecting the whole road
network’s traffic operation status. It is also a comprehen-
sive and straightforward description of traffic congestion
characteristics in space, time, and intensity. Previous stud-
ies have proposed many road traffic performance indices,
such as Road Congestion Index (RCI [12]), Lane Kilometer
Duration Index (LKDI [13]), Travel Time Index (TTI [14]),
and Congestion Severity Index (CSI [15]). With wireless

communication and location technology development, GPS
data has been widely used in traffic congestion identifica-
tion algorithms. Chen et al. [16] established a novel speed
performance index (SPI) to assess traffic conditions taking
the traffic flow speed and road speed limit into account
based on the floating car data. Zhao et al. [3] calculated the
actual and standard bus travel time by processing the GPS
trajectory of the bus and bus station data. They then built the
congestion index and classification (CI-C) model to explore
the traffic status and predict the future bus congestion time.
Su et al [17] used the fuzzy c-means (FCM) algorithm and
fuzzy entropy weight method to describe traffic status and
conducted a detailed analysis in Beijing. Speed is one of the
basic parameters in most traffic performance indices.

By accurately identifying the traffic operation status of
the whole road network and timely release of relevant
information to reasonably plan the vehicles’ driving path,
it can effectively alleviate traffic congestion. Based on mas-
sive trajectory data, more and more scholars dedicate to
identifying traffic congestion in recent years. Yu et al. [18]
used the Markov model and Back Propagation Neural Net-
work (BPNN) model to identify the campus traffic conges-
tion connected with the pedestrian, vehicle, motorbike, and
bike speed. Hao et al. [19] proposed the multiple criteria
decision-making method to evaluate the intersection traf-
fic congestion. Taking traffic congestion at intersections as
an example, five evaluation indicators were used to verify
the hybrid method’s effectiveness. Yang et al. [20] propose
a traffic congestion prediction method based on real-time
and predictive traffic data. They established two evaluation
frameworks to verify the accuracy and computational effec-
tiveness of the proposed method. Shen et al. [21] employed
the semi-supervised extreme learning machine (SSELM) to
connect congestion conditions and road information. How-
ever, most of the existing studies focus on improving mod-
els and algorithms of traffic data from a single source
and focus on analyzing and predicting traffic conditions in
congested sections or regions. There is a lack of research
on big data with multi-source traffic for the whole road
network.

The clustering method based on time series is widely used
in the field of spatiotemporal data mining. Classifying the
spatiotemporal congestion patterns makes it possible to mine
the hidden rules and features behind the massive traffic data.
Furthermore, it reveals the heterogeneity of the distribution of
traffic flow status in space and time dimensions and extracts
homogeneous traffic status change patterns. Jiang et al. [22]
used the fuzzy clustering method to classify a single road
section’s traffic status, which can dynamically identify its
traffic status. Weijermars et al. [23] extracted traffic pat-
terns from traffic flow data without considering the road
network’s spatial distribution pattern and used hierarchical
clustering technology to analyze the time-varying character-
istics of daily heterogeneous traffic states of a single detector.
Wen et al. [24] clustered the time series of traffic performance
index and identified typical urban congestion patterns by
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FIGURE 1. The study area.

combining the factors such as dates, transportation demand
management policies, holidays, and weather conditions.

Short-term traffic flow prediction is the most dynamic and
classic research in intelligent transportation systems. It is
based on historical data to estimate the traffic state in the
adjacent time, which is the research foundation for realiz-
ing adaptive control. It is critical for traffic management
and route guidance at the whole road network level, and it
is also the hot spot of intelligent transportation application
research. With intelligent computing development, traffic
state prediction models have gradually changed from simple
linear methods to complex non-parametric methods. Tradi-
tional short-term traffic flow prediction models are based on
statistical methods, such as ARIMA and Kalman filtering
methods, make full use of the significant time dependence
between historical univariate time series data. Such meth-
ods usually set the model structure in advance and estimate
the model parameters from the historical data, which has
strong interpretability, but the prediction accuracy is easily
influenced by the unstable traffic state [25]. Non-parametric
methods based on machine learning are extensively applied
in short-term traffic flow forecasting. They can mine the
nonlinear characteristics between variables and have high
prediction accuracy, including BPNN [26], Support Vec-
tor Machine Algorithm (SVM) [27], K Nearest Neighbor
Algorithm (KNN) [28]. Thesemethods can effectively extract
potential information from massive data and achieve better

prediction effects but lack interpretability. Many previous
studies have focused on predicting traffic status variables at
designated points, only considering historical traffic informa-
tion’s influence in the time dimension, ignoring the spatial
dimension characteristics. A specific location’s traffic status
is primarily affected by the adjacent location’s traffic status in
space. Considering the influence of the combined information
of time and space traffic is a primary development direction
in traffic flow prediction.

This study has two contributions to the existing literature.
Firstly, a hybrid data model integrating GPS data and road
grid model is built, adopting the TTI to evaluate the urban
road traffic state based on processing the GPS track data
and road network data of taxis and buses in Xi’an. Secondly,
we mine the spatiotemporal pattern of recurrent congestion
in the whole road network in Xi’an and provide valuable
insights to alleviate the traffic congestion.

III. STUDY AREA AND DATA DESCRIPTION
This study took the road network within the Third Ring
Road of Xi’an as its study area (108◦49′57′′E∼108◦49′57′′E,
34◦11′20′′N∼34◦22′10′′N), including 87 arterial roads and
110 secondary roads. The study area was divided into nearly
14,000 grids according to the size of 100∗100m, as shown in
FIGURE 1. Xi’an, the capital city of Shaanxi Province in west
China, has more than 3.6 million vehicles. The contradiction
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FIGURE 2. Overview of the framework for the study.

between vehicle supply and demand in Xi’an has further
intensified, resulting in increasingly severe traffic congestion.

This study is based on the GPS trajectory data of floating
vehicles (e.g., taxis and buses) in Xi’an provided by the Xi’an
Transportation Administration of China. The data include
location information, vehicle state information, time infor-
mation, and vehicle speed information. The GPS data were
recorded every 5s for 30 days in June 2019. This study focuses
on the discrimination and prediction of traffic congestion
states on weekdays, so the data of 21 working days are
selected for analysis, totaling more than 600 million data,
with a storage scale of about 65GB. An example of taxi and
bus GPS data is shown in TABLE 1.

IV. METHODOLOGY
This section includes three main parts: discrimination and
prediction of traffic status of the urban road network and
mining the spatiotemporal patterns of traffic congestion using
multi-source data. The discrimination of traffic congestion
status includes the processing of trajectory data, the con-
struction of the grid model, and the use of road traffic
performance indicators. The spatiotemporal patterns mining
includes emerging hot spot analysis and time series cluster-
ing. We carry out the prediction of traffic congestion states
of urban roads network based on space-time cube and the

TABLE 1. An instance of taxi and bus GPS data.

time series method. The research framework is shown in
FIGURE 2.

A. THE DISCRIMINATION OF TRAFFIC CONGESTION STATE
A comprehensive data model combining GPS trajectory and
the urban grid was constructed by analyzing the taxi and
bus GPS data and urban road network data, providing data
support for the following study. This study determined the
square grid dividing method by comparing several grid divid-
ing methods [9]. This study used Travel Time Index (TTI)
to evaluate road traffic performance. The TTI is the most
commonly used evaluation index of urban congestion in the
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industry, which is the ratio of the actual travel time and the
free flow time. The current study used Python and ArcGIS
Pro to process and analyze the GPS data.

1) THE TRAJECTORY DATA PROCESSING
The critical step of trajectory data processing is to clear
invalid data and extract the vehicle’s free-flow speed and
actual speed. The trajectory data processing process is shown
in FIGURE 3. The primary processing steps are as follows:

FIGURE 3. The trajectory data processing process.

Step 1: Clear invalid data. We cleared the trajectory data
of the vehicle under abnormal states (such as alarm and
shutdown state); We cleared the trajectory points whose tra-
jectory range is not in the study area; We cleared abnormal
trajectories with vehicle speed greater than 100km/h.

Step 2: Clear invalid time-related data. We sorted the same
vehicle’s trajectory points in chronological order and deleted
the trajectory points with repeated time stamps. If the time
interval between a trajectory points and two adjacent tra-
jectory points exceeds 5 minutes, it will be regarded as an
isolated point and deleted.

Step 3: Clear invalid parking points. Considering the
invalid data generated by vehicles parked at the roadside
waiting for passengers, we cleared the trajectory points whose
speed was always 0 within 3 minutes.

Step 4: Calculate the average speed of the trajectory.
Firstly, the entire road network was divided into uniform
grids according to the spatial dimensions. Then each grid was
rasterized by latitude and longitude, and the grids were num-
bered. Finally, calculated the average speed of the trajectory
in each grid.

Step 5: Calculate the road traffic performance index.
We calculated the TTI of each grid using the free-flow speed
and actual speed of the vehicle in each grid.

2) THE CALCULATION METHOD OF TTI
The TTI is the most commonly used evaluation index of
urban congestion in the industry, which is the ratio of the
actual travel time and the free flow time [29]. The higher the
TTI value is, the more congested the road is. Some unusual
weather situations (e.g., rain, snow, fog) or unusual road
statuses may similarly influence the value of TTI. [30].

The fundamental concept of speed: If a link has two time
slices, t1 and t2, and the link’s length is S, then between the
period from t1 to t2, the average speed v of the link is: v =
2 · S/(t1+ t2). The speed is calculated as (2):

S = {Link1,Link2,Link3 . . . . . .LinkN , } (1)

speed =

∑N
i=1 Li ∗Wi∑N
i=1

Li
Vi
∗Wi

(2)

The fundamental concept of TTI: On the same link in a
time slice, TTI = free flow speed / actual speed. The time
mean speed of 3-5 a.m. on the link is used as the free-flow
speed of the vehicle. The TTI is calculated as (3):

TTI =

∑N
i=1

Li
Vi
∗Wi∑N

i=1
Li

Vfree_i
∗Wi

(3)

where the length of link is Li, the weight of link is Wi,
the free flow of link is Vfree_i, the real time speed of link is Vi.
According to the Specification for Urban Traffic Performance
Evaluation (GB/T 33171-2016) [31], the traffic performance
index is defined as five categories based on TTI, as shown in
TABLE 2.

TABLE 2. The evaluation criteria of TTI.

B. THE SPATIOTEMPORAL PATTERNS MINING
This study used ArcGIS Pro for spatiotemporal patterns min-
ing. We analyzed spatiotemporal data by using time series
analysis and realized visualization by creating space-time
cubes. The emerging hot spot analysis methods take
multi-dimensional data sets as input and distinguish statisti-
cally meaningful hot and cold spot trends over time. We used
the emerging hot spot analysis method to analyze the GPS
data to locate different hot spot patterns at one-hour intervals.
The time series clustering method divides the positions in a
space-time cube into different clusters where each cluster has
the same time-series features.

1) THE SPACE TIME CUBE MODEL
We created a space-time cube from the multidimensional
raster layer to construct a multidimensional cube data struc-
ture and input the analysis data. The output space-time cube
will have the same spatial and temporal resolution as the
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FIGURE 4. The Space-Time Cube: (a) the grid cube; (b) Create a space-time cube from a multidimensional
raster layer.

FIGURE 5. The structure of emerging hot spot analysis: (a) Hot spot trends; (b) Each bin has a location ID, a time-step ID,
and a count.

multidimensional raster, in which each raster cell of each
dimension is converted to a single space-time bin. Interested
readers can refer to the study [32], [33] for further informa-
tion. The space-time cube consists of rows, columns, and time
steps. The number of bins in the space-time cube is equal
to the number of rows multiplied by the number of columns
multiplied by the time step. The rows and columns decide the
cube’s spatial range, while the time steps decide the temporal
range. The space-time cube is shown in FIGURE 4.

2) THE EMERGING HOT SPOT ANALYSIS
Recognize the changing trend of each bin in the space-time
cube, including persistent, sporadic, and oscillating hot and
cold spots. We used the Getis-Ord Gi∗ statistic to estimate
clustering’s intensity, which regards each bin’s value within
neighborhood bins. To decide which bins will be contained in
a specific investigation neighborhood, we first found neigh-
borhood bins that drop within the specified conceptual of
spatial relationships. Next, each bin must include bins in the
same position fromN former time steps,Where N is the value
of the neighborhood time step we defined. Then two analyses
were conducted: (1) Each binwas analyzed in the neighboring
bins to estimate both high and low values’ clustering intensity.

This analysis results come from the z-score, p-value, and
bin’s category of each bin in the space-time cube. (2) Then
the Mann-Kendall statistic was used to evaluate the time
series of these z-scores at the analyzed location. This analysis
result was from a clustering trend z-score, p-value, and bin’s
category for each location. The structure of emerging hot spot
analysis is shown in FIGURE 5.

3) THE TIME SERIES CLUSTERING
The time series clustering method is used to identify the types
of congestion in the whole network, where the members of
each cluster have the same time-series features. Congestion
types can be clustered because they show similar evolution
patterns over time [34]. The illustration of the time series
clustering is shown in FIGURE 6. Clustering aims to divide
the space-time cube into multiple groups, where the time
series of locations within each group and the locations outside
the group are more different from each other. The character’s
correlation option is used to cluster time series that tend to
stay in proportion to each other and increase and decrease
value simultaneously. For example, this method helps users
distinguish the stores whose sales increase during the Christ-
mas shopping season and decrease after Christmas from the
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FIGURE 6. The illustration of the time series clustering.

stores whose sales do not have this pattern. The stores with
different sales patterns are worth further investigation. This
information can also help the retailer predict demand and
ensure that stores have sufficient inventory. This option mea-
sures the similarity in time series based on their statistical
correlation across time. The method calculates the difference
between two time series. Based on the definition of similarity
between time series, we used the k-medoids algorithm, also
called the Partitioning Around Medoids (PAM) algorithm,
to cluster the locations of the space-time cube [35], [36].

Determining the number of clusters is one of the most
challenging aspects of clustering workflows. This method
will evaluate the optimal number of clusters using a pseudo-F
statistic [37]. The pseudo-F statistic’s larger values indicate
that the time series is more similar to the cluster than the entire
dataset, indicating effective clustering.

C. THE PREDICTION OF TRAFFIC STATES
We used the time series forecasting methods (e.g., Curve
Fit Forecast (CFF), Exponential Smoothing Forecast (ESF),
Forest-based Forecast (FBF)) to forecast the traffic states. The
description of each model is shown in TABLE 3.

TABLE 3. The description of each model.

1) FORECASTING AND VALIDATION
These methods build twomodels when predicting time series.
One is the forecast model, which is adapted to predict the
future time step value. The other is the validation model,
which validates the predicted values.

The forecast model is created by fitting the selected curve
type to the time series values at each space-time cube posi-
tion. Then extrapolate this curve to the future to forecast the
value of the future time slice. The curve’s fit to each time
series is estimated by the Forecast Root Mean Squared Error
(FRMSE ), which equals the square root of the average squared
difference between the curve and the time series’ values.

FRMSE =

√∑T
t=1(ct − rt )2

T
(4)

where T is the number of time steps, ct is the value of the
curve, and rt is the raw value of the time series at time t.

FIGURE 7 illustrates how the forecast model and valida-
tionmodel work. The FRMSE estimates the difference between
the model’s fit value and the original time series value and its
fit degree to the original time series value. It does not estimate
how well the forecast model forecasts future values. It often
closely fit time series but fail to provide accurate predictions
when extrapolating. Fortunately, the validation model solves
this problem.

The validation model is applied to determine the predictive
ability of the prediction model for each time series’ future
values. It is built by excluding the last part of each time
series and fitting the forecast model to the previous data. The
accuracy of the forecasts is calculated by the Validation Root
Mean Squared Error (VRMSE ), which equals the square root
of the average squared difference between the forecasted and
raw values of the excluded time steps. The validationmodel is
essential because it can directly compare predicted value with
the original value to measure the accuracy of the prediction
model. Although it is not applied for forecasting, it is applied
to justify forecasting models.

VRMSE =

√∑T
t=T−M+1(ct − rt )2

m
(5)

where T is the number of time steps, m is the number of time
steps withheld for validation, ct is the value forecasted from
the first T-m time steps, and rt is the raw value of the time
series withheld for validation at time t.

V. RESULTS AND DISCUSSION
A. THE DISCRIMINATION OF TRAFFIC STATES
As mentioned before, this study took the road network within
the Third Ring Road of Xi’an as a case study. We divided the
road network of Xi’an into a small grid with a geographic
position. The study area was divided into nearly 14,000 grids
according to the size of 100∗100m and recorded each grid’s
number and the road number and road length contained in
the grid. We believe that it is essential to decrease the impact
of accidental conditions such as traffic accidents and severe
weather on TTI value. Therefore, we calculated the average
hourly TTI value from 6 a.m. to 10 p.m. on all working days
at the one-hour interval to represent the average traffic status.
Here we only show the traffic status of the whole-network
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FIGURE 7. Forecasting and validation: (a) The forecast model; (b) The validation model.

FIGURE 8. The distribution of traffic congestion: (a) The traffic status at 8 a.m.; (b) The traffic status at 1 p.m.; (c) The traffic status at
6 p.m.

during the morning, noon, and evening rush hours of the
working days, as shown in FIGURE 8.

From the above figure, we can intuitively observe the
traffic status in each grid in the study area. The different
color represents the different traffic statuses in the grid.
We can observe that recurrent congestion mainly occurs on

expressways and arterial roads and fewer on the urban sec-
ondary trunk road. During the morning and evening rush
hour, the roads with the most severe recurrent congestion
are the same, such as the South Second Ring Road, the East
Second Ring Road, and the West Section of North Second
Ring Road. The traffic congestion in the evening rush hour is
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more severe than in the morning and is mainly concentrated
in the southwest region of the city because it is the city’s
political center with a strong economy and a large population.
Recurrent congestion is not easy to occur in the north of the
city’s economic and technological development zone because
the population density in this area is minimal.

B. THE SPATIOTEMPORAL PATTERNS MINING
To better describe the spatiotemporal distribution of traffic
status, we also analyzed the spatiotemporal patterns of con-
gestion based on the space-time cube model, as shown in
FIGURE 9.

According to FIGURE 9, the hot spots of the whole-
network congestion are relatively concentrated, including
urban arterial roads, commercial centers, and road sections
for construction and reconstruction. The persistent hot spots
are mainly concentrated on theWest Section of South Second
Ring Road and the North Section of East Second Ring Road.
These locations remained statistically significant hotspots
over 90% of the time step interval, with no significant trend
indicating an increase or decrease in clustering intensity over
time. The sporadic hot spots are mainly concentrated on the
LongshouNorth Road and Fengcheng First Road. These loca-
tions are an on-again, off-again hot spot with no time interval
being a statistically significant cold spot. The oscillating
hot spots are mainly concentrated on the Kunming Road,
Xiaozhai West Road, and Changle Middle Road. It indicates
that these locations are congested most of the time.

Moreover, the cold spots of the whole-network conges-
tion are widely distributed, mainly including persistent cold
spots and oscillating cold spots. The persistent cold spots
are mainly concentrated on the north of the East Third Ring
Road, the south of the West Third Ring Road, and the north-
east region of the city. These locations remained statistically
significant cold spots over 90% time step intervals, with no
significant trend indicating an increase or decrease in cluster-
ing intensity over time. The oscillating cold spots are mainly
concentrated in the center and southwest region of the city.
It indicates that these locations are congested during part of
the time but are less congested most of the time.

Under the interaction of residents’ activities and urban
planning, urban traffic is affected by time and space vari-
ables and has significant aggregation on both time and space
scales. Therefore, urban traffic congestion hot spots belong
to spatiotemporal events. The cold and hot spots of traffic
congestion are closely related to the land use type. Different
regions have different functions, resulting in a different spa-
tiotemporal pattern of congestion during weekday periods.
It can be seen from FIGURE 9 that the persistent hot spots
are clustered at intersections and urban arterial roads, such as
the intersection of Yanta North Road and the west section of
South Second Ring Road. It indicates that recurrent conges-
tion mainly occurs in the interaction area between the arterial
roads and the express road and rarely occurs in the secondary
and branch roads. Moreover, tourist areas (such as Dayan
Pagoda Park and Xi’an Circumvallation) usually destroy road

connectivity, reducing the density and accessibility of the
road network, leading to traffic congestion. This result is
consistent with previous findings that a sparse road network
decreases accessibility and connectivity [41] because it has
fewer alternative paths and long detour distances. As a result,
vehicles have to use the same road to pass through the area,
leading to traffic congestion. The oscillating hot spots were
located in a mixed land-use area with commerce, public
service departments including the railway stations and hos-
pitals. Traffic congestion near public service facilities and
high work-density commercial areas can exacerbate traffic
congestion and duration during off-peak hours. The results
show that large public departments such as the railway station
serve the people of Xi’an and serve other people who come
to Xi’an, which may cause severe traffic congestion when
it is located in dense residential, tourism, or employment
centers. Such a large public facility receives many tourists
every day, which means that specific traffic management
strategies should be developed to consider the area’s actual
needs and detailed street design, balancing traffic demand
with network capacity. Commuting between residential and
work areas intensifies traffic congestion on the road in the
morning and evening rush hours. For instance, according to
FIGURE 8 and FIGURE 9, the oscillating cold spots are
mainly concentrated in the center and southwest region of the
city, and these places show severe traffic congestion during
the morning and evening rush hours, while the congestion is
not apparent during other times. The results show medium
congestion in the central urban area, while the southern and
western districts were severe congested during the evening
rush hours. In general, congestion is more widespread and
more severe in the evening rush hours than in the morning.
Because in China, most people commute to work between
07:30-09:00. This concentration of travel time has led to a
rapid increase in traffic flow and caused severe congestion.
The pattern is different at night. People may not choose to
go home immediately after work but remain at the office
or participate in entertainment activities. Thus, return trips
becomemore distributed over time, reducing rush-hour traffic
and reducing nighttime congestion, but extending its dura-
tion. These conclusions are consistent with previous studies’
results that commuting between work and home generates
congestion on arterial roads [5].

C. THE TIME SERIES CLUSTERING
To identify the most similar locations of congestion types
in the whole-network, we used time series clustering to
divide each grid into different clusters, where each cluster has
similar spatiotemporal characteristics. The clustering result
((FIGURE 10 and FIGURE 11) shows three types of con-
gestion within the Third Ring Road of Xi’an on working
days. According to three clusters, over time, the conges-
tion of the whole-network has the following spatiotemporal
characteristics:

The distribution of cluster 1(FIGURE10) is consistent with
the persistent cold spots in FIGURE 9, verifying the method’s
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FIGURE 9. The spatiotemporal patterns of traffic status.

accuracy from the side. Cluster 1 is mainly concentrated in
the northern, eastern and westernmost economic and tech-
nological development zones because of the low population
density and the less traffic demand. The TTI value of cluster 1
is always maintained between 2-4, indicating that the traffic
status is smooth (TABLE 2).

Cluster 2 has an apparent tendency to be congested in the
evening rush hour. Combined with POI distribution in Xi’an,
cluster 2 is mainly concentrated in arterial roads, business
districts, and entertainment districts. Unlike the feature that
the morning rush hour congestion quickly forms and rapidly
dissipates, the evening rush hour congestion lasts for a long
time and is more widely distributed [16]. The morning rush
hour is mainly for commuting and school trips. The time is
concentrated, and the purpose is single, which leads to the
high peak of the flow of people and vehicles in the morning
rush hour, causing more severe traffic congestion. On the
one hand, in the evening rush hours, the time after work and
school is more scattered, so people can avoid the rush hours
to travel. On the other hand, many people have the habit of
going shopping, dining, and entertainment after work, which
postpones returning time and increases the scope and duration
of congestion. However, the evening rush hour appears to be

more ‘‘congested’’ mainly due to poor lighting conditions in
the evening rush hour, prone to traffic accidents. The driving
speed may be slower when coming home from work than
when going to work. The parking space in shopping, catering,
and entertainment places are insufficient. The side parking
phenomenon is widespread, seriously affecting the level of
road service [42].

Cluster 3 is the commuter roads with obvious morning and
evening rush hour congestion. It is mainly distributed in the
city center (where most people work) and the Yanta District,
which has the highest population of the five core districts
(1.30 million) [43]. Thus, when commuters return home,
numerous vehicles flood into the area for a short time, causing
severe traffic congestion. The most congested time in the
morning and evening of the whole road network is 8 a.m. and
6 p.m. respectively. It shows the most typical working hours
for residents: many firms and schools start between 7.30 and
8:30 a.m., and commuters need to leave home an hour or two
earlier, so traffic volume increases rapidly from 6 a.m. and
dissipating after 8 a.m. At night, most companies and schools
close between 5 p.m. and 6.30 p.m. Traffic flow usually lag
behind the closing time, so the evening rush hour occurs from
5 p.m. to 7 p.m. There is more severe traffic congestion near
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FIGURE 10. The distribution of time series clustering.

large hospitals, shopping malls, and schools. For instance, the
severe traffic congestion near a primary school, which means
the most significant vehicle source is the parents picking
up their children—especially in the rush hours, increasing
traffic congestion on the roads. It is consistent with previous
research found in the morning rush-hour driving to school
accounts for 15% of all trips [44].

D. THE PREDICTION OF TRAFFIC STATES
More than 600 million trajectory data from 21 working days
was used as the dataset in the current study. Approximately
80% of the data (17 days) was used as the training set, and
the remaining 20% (4 days) was the test set. As mentioned
above, we chose FRMSE and VRMSE indicators to measure
three different models’ performance. To better illustrate the
experimental results, we calculated each model’s indicators
values as shown in TABLE 4.

The FRMSE measures the curve’s fit to the raw time series
values and the VRMSE measures the curve’s ability to predict
future values. According to TABLE 4, it can be found that in
the Curve Fit Forecast (CFF) model, the average value of the

TABLE 4. The result of three different models.

two indicators is the minimum, indicating that the model’s
prediction accuracy is higher than the other two models. Fur-
thermore, the standard deviation of the two indicators in the
CFF model is also the minimum, indicating that the model is
more stable than the other two models. In summary, the CFF
model can accurately and stably predict the road network’s
traffic operation status within the Third Ring Road in Xi’an,
thereby providing road condition information in advance and
providing convenience for residents’ travel. At the same time,
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FIGURE 11. The result of time series clustering.

FIGURE 12. The prediction result of Curve Fit Forecast model.

it lays the foundation for realizing the source diagnosis of
traffic congestion and avoiding recurrent congestion.

To better illustrate the CFF model’s result, we show the
distribution of VRMSE within the Third Ring Road in Xi’an

in FIGURE 12. The predicted value of most areas is very
close to the actual value, which shows that the CFF model
can genuinely predict the traffic operation status of the road
network.

75564 VOLUME 9, 2021



R. Zhou et al.: Research on Traffic Situation Analysis for Urban Road Network

Based on the spatiotemporal characteristics of traffic con-
gestion in Xi’an demonstrated in this study, we contribute
some helpful insights for alleviating traffic congestion:

(1) Based on the congestion evaluations of the whole net-
work, it is essential to alleviate the congestion on arterial
roads. It is crucial to speed up the construction of urban traffic
microcirculation, increase the road network’s density, and
improve its capacity. It is worth highlighting the need to con-
tinue to make specific improvements to transport facilities,
such as traffic signs and traffic linemarkings, redrawing zebra
crossings, adding safety islands, and building pedestrian over-
passes to ensure smooth roads.

(2) Our results proved that the most-congested area in the
evening rush hour was clustered in shopping, catering, and
entertainment places.More severe is that there are insufficient
parking spaces near these locations, leading to widespread
side parking phenomenon, seriously affecting road service
levels. It is essential to make full use of idle land and increase
the construction of parking spaces. Given the different char-
acteristics of vehicle parking requirements in different areas,
the shared parking policy is comprehensively promoted to
alleviate parking problems actively.

(3) It is essential to adhere to the urban public transport
priority development strategy and increase the public trans-
portation travel sharing rate. Furthermore, wewill continue to
optimize the public transportation network to attract citizens
to travel public transportation and improve service quality.
We will strengthen our capacity for an emergency response to
traffic congestion and promote the intelligent transformation
and networked application of all signal lights in the city.

VI. CONCLUSION
This study aims to identify and predict the traffic operation
status in the road network within the Third Ring Road of
Xi’an and explore spatiotemporal patterns of traffic con-
gestion. For the modeling purpose, we used the urban road
network data and GPS trajectory data of floating vehicles
(e.g., taxis and buses) in Xi’an provided by the Xi’an Trans-
portation Administration of China. This study focuses on the
traffic congestion states on weekdays, so 21 working days
were selected for analysis, totaling more than 600 million
data, with a storage scale of about 65GB. A comprehensive
data model combining GPS trajectory and the urban grid was
constructed by analyzing the GPS data of taxis and buses
and urban road network data. This study uses Travel Time
Index (TTI) to evaluate road traffic performance. We used
the emerging hot spot analysis method to identify new, inten-
sifying, persistent, or sporadic hot spot patterns at one-hour
intervals. We use the time-series clustering method to cluster
the traffic status of the whole network into three types so
that each cluster has similar spatiotemporal characteristics.
In order to compare the prediction performance of different
models, three different time series prediction models are used
in this study: Curve Fit Forecast (CFF), Exponential Smooth-
ing Forecast (ESF), Forest-based Forecast (FBF).We selected
Validation Root Mean Square Error (VRMSE ) and Forecast

Root Mean Square Error (FRMSE ) to measure the forecast
performance.

According to the result of this study, over time, the conges-
tion of the whole-network has the following spatiotemporal
characteristics: (1) The recurrent congestion mainly occurs
on the intersections and urban arterial roads, such as the
Yanta North Road and the west section of South Second Ring
Road. (2) The result shows three traffic status types within
the Third Ring Road of Xi’an on working days, including the
traffic status are always smooth, apparent congestion during
the evening rush hour, and the commuter roads with obvious
morning and evening rush hour congestion. (3) The average
value of the FRMSE and VRMSE in the CFF model is the
minimum indicating that it can accurately and stably predict
the road network’s traffic operation status.

The results of this study can contribute some helpful
insights for alleviating traffic congestion. For instance, it is
essential to speed up the construction of urban traffic micro-
circulation, increase the road network’s density, and improve
the road network’s capacity. Furthermore, it is necessary to
make full use of idle land and increase parking spaces’ con-
struction. Given the different characteristics of vehicle park-
ing requirements in different areas, the shared parking policy
is comprehensively promoted to alleviate parking problems
actively. Moreover, it is crucial to adhere to the urban pub-
lic transport priority development strategy and increase the
public transportation travel sharing rate.

Meanwhile, the study has some limitations. Firstly, the data
applied in this study could be enlarged to promote the
reliability of model results. Future studies should consider
integrating the GPS data of private vehicles to overcome
the instability of taxi GPS. Secondly, although this study
used three methods to predict traffic operation status, other
machine learning approaches are alsoworth exploring. Future
studies should try to integrate different methods to predict
traffic conditions. Thirdly, this study uses only TTI for differ-
ent periods to predict. Future research should rely on existing
multi-source data and deep learning technologies to dynam-
ically modify model parameters and algorithms to improve
the accuracy and scientific road traffic performance index.
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