
504 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 13, 2020

Analyzing the Effects of Rainfall on Urban
Traffic-Congestion Bottlenecks
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Abstract—The development of geospatial big data makes it pos-
sible to study traffic-congestion issues. In particular, floating car
data (FCD) is very suitable for it because FCD can help predict
traffic-congestion bottlenecks and provide corresponding solutions
to address traffic problems. Previous studies have discussed the
impacts of rainfall on road speeds, but few studies have focused
on the impacts of rainfall on the spatial distribution and changes
in traffic-congestion bottlenecks throughout a mega-city. This ar-
ticle proposes an index calculation and clustering (ICC) model by
integrating PageRank and clustering algorithms from multisource
data, including rainfall data, FCD, and OpenStreetMap data. As
the study area, we selected Shenzhen, which is the largest developed
city in South China. The results demonstrate three peak periods of
citizen travel, namely, 8:00–10:00, 14:00–16:00, and 18:00–20:00.
Road speeds after rainfall decrease by 6.20% on weekdays and
by 2.37% on weekends, and traffic-congestion areas increase by
23.53% and 20.65% on weekdays and on weekends, respectively.
In addition, rainfall causes more significant effects on traffic con-
ditions on weekdays compared with on weekends in Shenzhen.
Compared with a traditional kernel density analysis, the proposed
ICC model can offer a more thorough understanding of urban
traffic-congestion areas, which can help policy makers optimize
alleviation strategies.

Index Terms—Clustering algorithms, floating car, geospatial big
data, rainfall, traffic congestion.

I. INTRODUCTION

W ITH the rapid growth of urbanization in China, traf-
fic network as the infrastructure of cities is becom-

ing more and more important. Traffic congestion has caused
many negative impacts on many cities in China, such as the
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overconsumption of fuel [1], increasing traffic accidents [2],
[3], and air pollution [4]. A city’s traffic condition is affected
by various factors, including city management [5], environment
conditions [6], and weather [7], [8]. Adverse weather will affect
the traffic conditions not only by degrading the service level of
the transportation system [9] but also by reducing the willingness
of people to travel [10]. Therefore, accurately measuring the
relationship between urban traffic congestion and weather is of
great help in solving urban traffic problems.

Specifically, traffic flow is affected by rainfall, and vehicle
speeds differ noticeably between rainy days and sunny days
[11]. Some studies at different levels have shown that weather
elements have more influence than other factors on public
transportation [12]–[14]. For example, Smith et al. collected
traffic and weather data and determined that traffic efficiency
is related to rainfall [15]. Jia et al. proposed rainfall-integrated
long short-term memory and the rainfall-integrated deep belief
network, which could be used to model the relationship between
traffic efficiency and weather, thereby predicting road speeds in
different weather conditions [16]. Most studies focused on the
relationship between precipitation and velocity and constructed
different models to predict road speeds in different weather
conditions. However, the impact of rainfall on weekends and
weekdays is disparate, and the distinction remains unclear and
unexplored for rainfall effects on road speeds.

Due to the availability of floating car data (FCD) in recent
years [17], studying traffic congestion problems in urban trans-
portation systems has become increasingly convenient [18]. For
example, Yong-chuan et al. obtained road speeds with FCD to
study the distribution of urban traffic congestion [19]. Li et al.
combined FCD with cloud computing to improve the city’s
traffic monitoring system [20]. Some researchers have also used
complex graph theory to obtain traffic status by measuring the
importance of the nodes that are road intersections [21]. In a
study of urban road networks, Pop et al. estimated the impor-
tance of nodes based on the PageRank algorithm and solved
problems related to traffic congestion [22]. Based on complex
networks, Yang et al. used the optimal weighting scheme to
enhance network robustness, thus easing traffic pressure [23].
However, most studies have focused on single points and existing
traffic-congestion areas, and few of them concentrates on the
spatial distribution of traffic-congestion bottlenecks and have
conducted analyses under different weather conditions.

This article is mainly concerned with the spatial distribution
of urban transportation congestion points, areas and bottlenecks,
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Fig. 1. Flow chart of the analysis of travel patterns and the impact of rainfall
on an urban transport system.

the travel patterns of urban residents, and the impact of rainfall
on traffic flows at different periods. First, citizens’ aggregate
travel patterns from FCD are determined. Then, we explore the
impacts of rainfall on road speeds (average speed of all float cars
on the road). Finally, the ICC model is proposed to examine the
distribution and variation of floating cars in traffic-congestion
points, areas, and bottlenecks. The findings of this article reveal
the relationship between rainfall and traffic congestion and could
provide valuable information for transit management.

II. METHODOLOGY

The flow chart of the proposed research design is shown in
Fig. 1. This article is divided into the following three parts:
1) Examination of spatiotemporal variations in aggregate travel
patterns based on kernel density and statistical analyses. After
FCD OpenStreetMap (OSM) coregistration, the weekday FCD
are divided into 12 groups at 2-h intervals. Then, we use a
kernel density analysis to obtain the citizens’ travel patterns.
(2) Data period selection based on the coefficient of variation
(CV) and correlation analysis between the variables based on
the Pearson correlation coefficient. To determine the velocity
variation pattern during rainfall, we first conduct an accuracy
analysis to ensure comparability across scenarios. Each group’s
reliability is calculated for six sunny and six rainy days, where
the groups with the highest reliability are used to compare the im-
pacts of different weather conditions on road speeds. Moreover,
we calculate the Pearson correlation coefficient to highlight the
impact of rainfall on traffic conditions. (3) Identification of the
traffic-congestion points and areas based on the proposed index
calculation and clustering (ICC) model. The traffic-congestion
points, areas, and their alterations under different scenarios are
identified through the proposed ICC model. To test the effec-
tiveness and reliability of the proposed method, a comparison
with the traditional kernel density method is conducted, and the
details are given in the fourth section.

A. Exploration of Citizens’ Travel Patterns Based on Kernel
Density Analysis

To mine travel patterns of citizens on weekdays, this article
uses a kernel density analysis to conduct exploration using taxi

trips. Specifically, kernel density analysis is adopted to calculate
the density of features, including point kernel density (PKD)
analysis and linear kernel density (LKD) analysis [24]. The PKD
and LKD analyses assign the sum of the values of all the nuclear
surfaces that are superimposed on a raster cell to a raster pixel
by the operation of the kernel function [25]. The density of the
raster cell is the sum value.

Before exploring the travel patterns of citizens in Shenzhen,
FCDs that have been preprocessed are divided into 12 groups
of 2-h intervals. Based on the PKD analysis, the density distri-
bution maps of Shenzhen in different periods can be obtained.
Moreover, we calculate every group’s average number of GPS
points. Citizens’ travel patterns can be mined by analyzing the
density distribution maps and numbers of GPS points in different
periods.

B. Data Period Selection and Correlation Analysis

Considering the validity of the data, we need to select rep-
resentative samples for the study combined with reliability
indicator. Selecting representative data in research could be
beneficial for workload reduction and procedure improvement.
The indicator of the accuracy analysis used in this article is the
CV, which is an indicator used to compare the dispersion extent
of different sets of data [26]. Since the average speed differs in
different periods, standard deviation will result in some incorrect
judgments about the data and, thus, cannot appropriately reflect
the dispersion extent of data. The CV, which is the ratio of the
standard deviation to the average data speed, is a dimensionless
quantity, and could eliminate this effect [27].

Meanwhile, to emphasize the impact of rainfall on traffic
conditions, we adopt the Pearson correlation coefficient to an-
alyze the relationship between different variables (including
road length, road capacity, and maximum speed limitation of
roads) and rainfall [28]. The Pearson correlation coefficient is
an indicator used to measure the linear correlation relationship
between variables [29]. The value of the Pearson correlation
coefficient ranges from −1 to 1, with smaller absolute values
representing less obvious correlation relationships between two
variables.

In this article, the FCD for 12 days are grouped with respect
to the individual time intervals. Considering the average CV of
each group, the citizens’ daily active period and the differences
in rainfall intensity on rainy days, we select two groups whose
CVs are low and for which the difference in rainfall intensity on
rainy days between groups is relatively small, thereby yielding
a high mean reliability. Moreover, using the correlation analysis
between variables, we can highlight the impact of rainfall on the
traffic conditions to enhance the reliability of the results.

C. ICC Model Based on PageRank

To further study the distribution and variation in the traffic-
congestion areas and bottlenecks, this article proposes an ICC
model. First, the road network is constructed to obtain the
corresponding adjacency matrix, in which each intersection is
transformed into a node, while a road is represented by an edge
in the graph. Then, the number of floating cars is assigned as
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a weight to its matched road. Finally, the weighted matrix of
Shenzhen’s road network is constructed.

To analyze the centrality of nodes in the graph, we adopt
PageRank to sort the nodes in the graph according to their
importance [30]. PageRank was initially proposed by Google
and used in page ranking to sort the search results of web pages
[31]. The PageRank value can be specified mathematically by
the following equation [32]:

Cp (vi) = α
n∑

j=1

Aj,i
Cp (vj)

doutj

+ β (1)

where vi and vj are nodes in a graph, Cp(vi) is the PageRank
of vi, Cp(vj) is the PageRank of vj , n is the in-degree of vi,
doutj is the out-degree of vj , A is the adjacency matrix storing
the structure of the graph, and α and β are fixed parameters.

The nodes with high PageRank values are considered
to remain high traffic flows, which easily leads to traffic-
congestion regions [33]. In this article, clustering algorithms
were utilized to identify these potential regions. The pro-
cess is divided into the following three steps: (1) To re-
duce the impacts of noise points, we utilize the DBSCAN
algorithm. (2) To identify different traffic-congestion areas,
we obtain various node categories through the k-means algo-
rithm. (3) Finally, standard deviation ellipse analysis is used
to identify traffic-congestion areas. Therefore, the distribu-
tions and changes in traffic-congestion areas can be obtained,
which can help us predict the transfer of traffic-congestion
bottlenecks.

DBSCAN is a spatial data clustering algorithm based on
density [34]. While clustering, the noise nodes can be identified
and removed [35]; thus, DBSCAN plays a role in eliminating
some noncongested areas in the research. The k-means algo-
rithm is a distance-based clustering algorithm that can mine
the potential relationship of data [36]. At the initial stage, the
cluster centers are randomly picked, and the algorithm classifies
all the nodes through their dissimilarity. The center of each
cluster is recalculated at each iteration, and all the nodes are
reclassified based on their distance to each center. The k-means
algorithm stops when the clustering results stop changing [37].
The standard deviation ellipse analysis can be used to summarize
the spatial features of geographic elements, including central,
discrete, and directional trends [38].

The kernel density analysis model is applied to identify the
traffic-congestion areas as a comparison [39]. By identifying
traffic-congestion areas and their distributions with an LKD
analysis, the result of the proposed ICC model was contrasted
with the result of the kernel density analysis model to evaluate
its suitability for the study.

III. STUDY AREA AND DATA DESCRIPTION

Shenzhen, China, which is located between 113°46’E to
114°37’E and 22°24’N to 22°52’N, was selected as the study
area. Shenzhen is one of the four first-tier cities and one of
the three national financial centers in China [40]. As shown
in Fig. 2, Shenzhen has ten districts, including Futian, Luohu,
Nanshan, Bao’an, Longgang, Longhua, Guangming, Yantian,

Fig. 2. Case study area: Shenzhen, China.

Pingshan, and Dapeng [41]. Five districts, namely, Futian, Nan-
shan, Luohu, Bao’an, and Longgang, are the most developed
areas of Shenzhen. The Longhua and Guangming Districts are
newly developing areas of Shenzhen in recent years, and Yantian
is a seaport district well known for its international container
terminal. Historically, the eastern part of Shenzhen, including
Pingshan District and Dapeng District, has been less developed
due to its natural environment and limited transportation in-
frastructure. Specifically, according to the Shenzhen Statistical
Yearbook of 2017, the gross domestic products of the Nanshan
District, Futian District, and Longgang District are much higher
than those of the other districts.

Due to the Chinese Economic Reform and the opening-up
of the Chinese economy, Shenzhen has undergone tremendous
changes [42]. As the first special economic zone established
in China, it became a metropolis with significant international
influence [43]. However, with the development of the economy
and urbanization, the pressure of urban transport systems is
increasing, resulting in negative impacts on human life [44].
Such issues pose great challenges for the functioning of urban
transport systems in a Chinese metropolis [45]. An analysis
and prediction of traffic-congestion points and areas can help
alleviate the traffic pressures of a city.

Rainfall data are used to judge the weather conditions of
Shenzhen. Rainfall data were acquired from the Shenzhen Me-
teorological Database (https://data.szmb.gov.cn/) and are used
to facilitate day selection under different weather conditions.
To derive suitable data for the study, abnormal data with large
deviations from the correct locations were removed [46]. Rain-
fall data measured at the discrete monitoring stations were then
interpolated to estimate the overall precipitation distribution of
Shenzhen [47], and the results were further classified according
to the standard precipitation classification metrics [48]. Based
on the total precipitation summation statistics shown in Table I,
we selected 12 days, namely, January 2, 3, 7, 8, 9, 11, 16, 17, 19,
28, 29, and 30, to construct a comparative analysis with different
precipitation conditions [49]. The 12 days were divided into
four categories: sunny weekdays (January 7, 8, and 19), rainy
weekdays (January 11, 28, and 29), sunny weekends (January
2, 9, and 30), and rainy weekends (January 3, 16, and 17).

The FCD are important data in this article and were acquired
from the transport commission of Shenzhen. FCD appropriately

https://data.szmb.gov.cn/


YAO et al.: ANALYZING THE EFFECTS OF RAINFALL ON URBAN TRAFFIC-CONGESTION BOTTLENECKS 507

TABLE I
RAINFALL DATA FOR JANUARY 2016 (BOLDING INDICATES SELECTED DATA)

can reflect traffic conditions well, and some scholars have uti-
lized FCD to conduct studies about traffic conditions [40], [50].
Each FCD record contains information such as the GPS time
(gpstime), plate number (plateno), longitude (lon), latitude (lat),
speed, direction, effectiveness (iseffective), and the carry state
(carrystate). In this article, the dates of the selected FCD are
consistent with the bolded dates in Table I. This article first
conducted data filtering to eliminate abnormal data, including
some points from the correct locations that had large deviations.
Furthermore, the effective variable can also help to remove some
abnormal data (when values of iseffective are 0). Combined with
a network analysis module, coregistration between FCD and
OSM roads was carried out by point-to-curve and curve-to-curve
matching algorithms based on the distance relationship between
the points and roads and the geometric relationship between the
roads and the routes of the points [51], [52]. After preprocessing
the original FCD, we retrieved 210 476 308 valid data records.

Other important data for this article are the OSM road
data, which are sourced from the OSM official website (http:
//www.openstreetmap.org). The OSM is the most abundant and

Fig. 3. Average GPS point statistics histogram on sunny weekdays.

Fig. 4. FCD density distribution during 08:00–20:00 on sunny weekdays: (A)
8:00–10:00, (B) 10:00–12:00, (C) 12:00–14:00, (D) 14:00–16:00, (E) 16:00–
18:00, and (F) 18:00–20:00.

effective user-generated map project generated by uploading
a handheld/vehicle GPS trajectory voluntarily or through user
mapping based on remote sensing images [53]. The road network
data have been widely used in the field of transportation and
urban functional structure research, and the related literature
has demonstrated their accuracy [54]. In addition, the OSM has
important attributes, such as road type, road speed, and road
length, which are useful in the study of local traffic conditions
[55]. Walking paths from the original OSM road data were
eliminated. In addition, road data were transformed into valid
junction data by satisfying topology rules (e.g., no dangles or
pseudo-nodes) to construct the corresponding adjacency matrix
for the proposed PageRank-based ICC model [56].

IV. RESULTS

A. Citizens’ Travel Patterns

To obtain citizens’ travel patterns on sunny weekdays, this
article selected FCD from January 7, 8, and 19 of 2016. The
data are classified at intervals of 2 h, and the average number of
GPS points in each period is counted.

Fig. 3 reflects the number of taxi trips at different periods.
From Fig. 4, we obtain citizen travel statuses in Shenzhen
through user density. We can mine the following citizen travel
patterns in Shenzhen on a typical weekday as follows:

1) The aggregate travel pattern of Shenzhen citizens shows
strong temporal variations. Three travel peaks emerged,
namely, 08:00–10:00, 14:00–16:00, and 18:00–20:00,
when taxi trip numbers reached 1,619,937, 1,823,541, and

http://www.openstreetmap.org
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1,716,133, respectively. The numbers of taxi trips during
these three periods are obviously higher than those at other
times.

2) The aggregate travel pattern of Shenzhen citizens shows
stable spatial hot spots. For the entire study period (8:00–
20:00), the grid density of the GPS data in the Luohu
District and Futian District remains consistently higher
than those of other districts. For the remaining districts, the
grid density of partial areas of Nanshan District, Bao’an
District, Longhua District, and Longgang District (e.g.,
the southern region of the Bao’an District and the central
region of Longhua District) is higher than those in other
districts, which maintain a relatively low FCD density
status.

3) An interperiod analysis could help uncover aggregated
travel patterns. Our selected case shows that only the taxi
trips in periods from 0:00 to 8:00 are discernibly inactive.
We find that the average travel activities in the period of
18:00–24:00 are especially higher than those of the period
(8:00–14:00). However, the period (14:00–18:00) remains
the most highly active travel, with as many as 810 420 taxi
trips on average per hour.

Here, we focused on analyzing the spatiotemporal patterns
of congestion on weekdays. The results demonstrate that the
travel times of the residents in Shenzhen is mainly concentrated
in three periods: 08:00–10:00, 14:00–16:00, and 18:00–20:00.
The number of taxi trips in Luohu District and Futian District is
higher compared with those of other districts, which potentially
contributes to more traffic jams and congested regions in these
districts. Instead, the traffic pressure in other districts is relatively
smaller. Many taxi trips continue to occur after 20:00, which
could possibly indicate that people who work in Shenzhen leave
work late.

B. Impact of Rainfall on Road Speed

Considering the impact of other factors on traffic conditions
(road length, road capacity, and maximum speed limitation of
roads), we conduct a correlation analysis between different
factors and rainfall. The resulting Pearson coefficients are 0.015,
-0.070, and 0.058, which indicates no obvious correlation be-
tween rainfall and these factors.

After dividing the FCD into 12 groups, the average CV of
each group is calculated within four categories: sunny week-
days, sunny weekends, rainy weekends, and rainy weekdays.
The results in Table II show that the CV of each individual
group fluctuates approximately 0.5. For the periods 0:00–2:00,
6:00–8:00, 12:00–14:00, and 22:00–24:00, the coefficients of
variation are relatively low, thereby indicating that the travel
reliability during these four time periods is higher. To decrease
the influence of different rainfall intensities on quantization
results, we conduct a statistical analysis of the average rainfall
intensity of each weather station during the above four periods.
The results indicate that the difference of the periods (0:00–2:00,
6:00–8:00, and 12:00–14:00) is smaller. Considering the urban
lifestyle and routine resident behavior [57], this article selects the
FCD during 6:00–8:00 and 12:00–14:00 to analyze the changes

TABLE II
AVERAGE COEFFICIENTS OF VARIATION (CVS) OF DIFFERENT PERIODS

TABLE III
QUANTITIES OF ROADS WITH DIFFERENT SPEEDS IN DIFFERENT CATEGORIES

in road speeds and to investigate the distribution and transfer of
traffic-congestion points, areas, and bottlenecks.

Table III reflects the influence of rainfall on road speeds under
different weather conditions. Compared with the speed on sunny
days, the overall road speed after rainfall decreased by 6.20% on
weekdays and by 2.37% on weekends. The number of roads with
speeds between 20 and 50 km/h after rainfall is 18.16% lower
than that on sunny weekdays. However, the number of roads
with the same speeds is 1.97% higher after rainfall on weekends.
Compared with rainy days, on sunny days, the number of roads
with speeds above 50 km/h decreases by 9.33% on weekdays
and by 3.85% on weekends.

Both on weekdays and weekends, road speeds decline after
rainfall. On weekdays, the change in the number of roads with
certain speeds is more obvious for those roads with speeds
between 20 and 50 km/h, which indicates that rainfall potentially
causes greater impacts on residents in the city. Moreover, on
weekends, the change in number of roads with certain speeds
is more obvious for roads with speeds above 50 km/h, which
indicates that rainfall could have greater effects on people who
enter and leave the city.
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Fig. 5. Distribution of traffic-congestion points: (A) sunny weekdays,
(B) rainy weekdays, (C) sunny weekends, and (D) rainy weekends.

TABLE IV
QUANTITIES OF CONGESTION POINTS WITH DIFFERENT LEVELS

ON DIFFERENT CATEGORIES

C. Impact of Rainfall on Traffic-Congestion Condition

Changes in traffic-congestion points, areas, and bottlenecks
are analyzed by the proposed ICC model. Fig. 5 shows the
quantification of three types of traffic-congestion points, which
are measured by PageRank [58], on sunny and rainy days. As
a data-classifying method, natural breaks could better show
the differences between categories, reduce the variance within
classes, and maximize the variance between classes [59]. With
PageRank and natural breaks, the road network nodes were fi-
nally divided into three levels. The PageRank values of first-level
points range from 15 to 20, the values of second-level points
range from 20 to 25, and for third-level points, the values range
from 25 to 40. More serious traffic congestion may occur at
higher levels [33]. Table IV shows the count of the various level
traffic-congestion points.

Whether on weekdays or on weekends, the traffic-congestion
points increase after rainfall (by 12.37% and 5.95% on week-
days and weekends, respectively). In terms of the high-level
PageRank points, on weekdays after rainfall, the increments of
the third-level and the second-level points are 33.33%, while
the increment of the first-level points is 66.66%. However, on
weekends after rainfall, the number of first-level points even de-
creases, and the increasing numbers of traffic-congestion points
are mainly second-level points. Moreover, we observe that the
numbers of traffic-congestion points in the Nanshan District are

Fig. 6. Congestion distribution (ICC): (A) sunny weekdays, (B) rainy week-
days, (C) sunny weekends, and (D) rainy weekends.

far higher than those in other districts. Some traffic-congestion
points are distributed at the junction of Nanshan District and
Bao’an District and the junction of Futian District and Luohu
District, e.g., the Shennan north ring overpass (see Fig. 5). Traffic
jams also appear in the interiors of the districts, such as the
intersection of Binhe Avenue and Jintian Road (see Fig. 5). In
addition, Futian District, the southwestern region of Longgang
District and the southern region of Bao’an District have more
traffic-congestion points than the remaining districts, such as
Guangming District and Yantian District. After rainfall, the
traffic-congestion points of some seaside regions decrease in
number, while the traffic-congestion points of midland areas
increase in number.

The above results demonstrate that rainfall will have negative
impacts on the traffic system. Rainfall causes a greater influence
on weekdays, and the increment of low-level points is higher than
that of high-level points. Traffic-congestion points are mainly
distributed in the Nanshan District, which indicates that this
district sustains greater traffic pressure. In terms of the varia-
tion in traffic-congestion point locations, the traffic-congestion
bottlenecks transfer from the coast to the midland due to the
impact of rainfall. Additionally, some urban residents would be
reluctant to go out when it is rainy [60], thereby alleviating to
some extent the pressure of traffic congestion, which could help
explain why the low-level traffic-congestion points decrease on
rainy weekends.

Traffic-congestion points will cause impacts on nearby re-
gions. Based on the proposed ICC model framework, we use the
DBSCAN and k-means clustering algorithm to obtain spatial
clusters and conduct an analysis by the standard deviation ellipse
to determine traffic-congestion areas. The results are shown
in Fig. 6.

In Shenzhen, after rainfall, the areas of the traffic-congestion
regions are 23.53% higher than that on weekdays without rain-
fall and are 20.65% higher than those on weekends. Traffic-
congestion areas are heavily focused in four districts: Bao’an,
Nanshan, Futian, and Longgang. The traffic-congestion regions
in the Futian District and Nanshan District change less after rain-
fall. From the results, rainfall has a passive impact on the traffic
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Fig. 7. Congestion distribution (LKD): (A) Sunny weekdays, (B) Rainy week-
days, (C) Sunny weekends, and (D) Rainy weekends.

system of Shenzhen. The area increment of traffic-congestion
regions on weekdays is greater than that on weekends. In ad-
dition, traffic-congestion bottlenecks have a strong tendency to
transfer from the coast to inland.

In comparison, a traditional kernel density analysis was im-
plemented to evaluate the suitability of the proposed ICC model.
Fig. 7 shows the distribution of traffic-congestion areas (high-
density areas) through the kernel density analysis model. The
area increment of traffic-congestion regions on weekdays is far
greater than that on weekends. However, some traffic-congestion
areas are scattered, and the change in traffic-congestion bottle-
necks is not obvious. Mainly, changes after precipitation merely
occur next to the existing traffic-congestion areas in a similar
manner to when there is no rainfall. Compared with the proposed
ICC model, which offers more specific spatial hot spots and
directional changes, traditional kernel density is less informative
in uncovering changes in traffic-congestion area. Therefore, the
ICC model can better illustrate the regular transformational
patterns of traffic conditions.

V. DISCUSSION AND CONCLUSION

Traffic congestion detection is significant for urban trans-
portation science and planning applications [61]. The results
demonstrate that the research framework with FCD can appro-
priately reflect citizens’ travel patterns, and the proposed ICC
model can effectively reflect the changes and distributions of all
traffic-congestion points, areas, and bottlenecks.

According to the results, we find that the travel time of
residents in Shenzhen is mainly concentrated over three periods
(08:00–10:00, 14:00–16:00, and 18:00–20:00). During these pe-
riods, there are more taxi trips in the Futian and Luohu Districts,
meaning residents of the two districts travel more frequently.
The results of a correlation analysis between variables show
correlations between rainfall and other factors (road length, road
capacity, and maximum speed limitation of roads) are not obvi-
ous, so we highlight the impact of rainfall on traffic conditions to
enhance the reliability of the results. Additionally, road speeds
fall by 6.20% on weekdays and by 2.37% on weekends due to

rainfall. Traffic-congestion bottlenecks transfer from the coast
to the inland areas, potentially as a result of rainfall. Traffic-
congestion areas also showed an increasing trend of 23.53% on
weekdays and 20.65% on weekends after rainfall.

Compared with traditional research, this article contributes
to developing the proposed ICC model to better determine
traffic-congestion points, areas, and bottlenecks. The result of
the ICC model is mainly related to the structure of the road
network and the weight of the roads, which is not affected by
the density of the road network. Therefore, the results of ICC
model should be closer to the true traffic condition. Moreover,
the model not only mines the specific traffic-congestion points,
but also removes some false congestion areas caused by noise
points and aggregates scattered traffic-congestion areas in a close
range through clustering algorithms and a standard deviation
ellipse analysis. Therefore, we can obtain more accurate and
complete traffic-congestion points and areas without losing hid-
den traffic-congestion information. Furthermore, the ICC model
highlights the trend of the overall traffic-congestion points,
areas, and bottlenecks transformation and shows the distribu-
tion and change in specific traffic-congestion locations at the
microlevel.

Analyzing and exploring citizens’ travel patterns based on taxi
trips can help us better evaluate traffic conditions [62]. Traffic
congestion identification and prediction are very important for
urban development, which can help optimize the allocation of
resources [63]. This article mines citizens’ travel patterns to
obtain travel peak periods and districts, which act as a reference
for the corresponding urban resource allocation. Moreover, this
article contributes to proposing the ICC model to identify traffic-
congestion points, areas, and bottlenecks. We can obtain specific
traffic-congestion locations under different weathers through
the ICC model, so effective actions can be taken in advance
to alleviate the pressure of the traffic network. Furthermore,
this article explored the effects of rainfall on traffic congestion,
which provides a reference for traffic jam predictions during
precipitation, and shows that more resources can be allocated to
ease congestion in areas where rainfall is concentrated.

This article has some limitations. Currently, the results of
the ICC model are obtained based on the structure of the road
network and the weight of the roads. In the future, we would
like to obtain urban congestion data to increase the reliability of
the ICC model. Moreover, data covering longer periods will be
adopted to enhance the reliability of the results. Additionally,
we will compare the advantages and disadvantages of different
clustering methods to obtain more accurate results. Factors such
as fluctuations in traffic demand and traffic accident will affect
traffic conditions to some extent, and we would like to obtain
data related to traffic condition demand and traffic accident and
explore the relationship between them.

Despite the above limitations, the article explores citizens’
travel patterns in Shenzhen and conducts an in-depth analysis of
urban traffic flows, which could offer suggestions for urban plan-
ning and recommendations for subsequent urban road network
planning. With the development of ICT technology, the proposed
ICC model could provide reference for real-time monitoring and
prediction of traffic congestion.
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