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Abstract: Rainfall severely impacts human mobility in urban areas and creates significant challenges
for traffic management and urban planning. There is an urgent need to understand the impact of
rainfall on residents’ travels from multiple perspectives. Taxi GPS data contains a large amount of
spatiotemporal information about human activities and mobility in urban areas. For this study, we
selected the central area of Zhuhai as the study area and used taxi data from August 2020 for the
investigation. Firstly, we divided the taxi data into four scenarios, i.e., weekdays with and without
rainfall and weekends with and without rainfall and analyzed and compared the trip characteristics
for the different scenarios. Then, using the traffic analysis zone (TAZ) as the node and taxi flow
between TAZs as edges, we constructed a network and compared the network indicators under
the different scenarios. Finally, we used the Leiden algorithm to detect communities in different
scenarios and compared the network indicators of the communities. The results showed that on days
with rainfall, taxi flow and its spatial and temporal distribution pattern changed significantly, which
affected transportation supply and demand. These findings may provide useful references for the
formulation of urban transport policies that can adapt to different weather conditions.

Keywords: human mobility; rainfall; taxi GPS data; complex network; community; Zhuhai central areas

1. Introduction

The study of human mobility can be used to capture spatiotemporal operational
patterns in urban areas and to understand the complex relationship between human
activity and the urban environment. This understanding plays an important role in various
aspects, such as floating population access, traffic forecasting, urban planning, and epidemic
modeling [1–3].

Traditional studies of human mobility usually adapt travel diary survey data, which
are expensive and labour-intensive to obtain. However, because these data often have
problems, such as a small sample size, a short time span, and slow update speed, they
cannot thoroughly reflect the spatiotemporal regulation of urban group activities over
time. Additionally, the accuracy of the data can also be questionable as a result of the
subjectivity of the survey design and the interviewees. With the development of positioning
and information and communication technologies (ICTs), humans have entered the era
of big data. The proliferation of various sensors and positioning technologies makes it
possible to collect large-scale and high-precision big data on human mobility in a long
time sequence (such as mobile phone data, bus smart card data, and taxi data). These
datasets contain abundant information about individual spatiotemporal activities, which
contributes to understanding human mobility patterns at a more precise spatiotemporal
level [4–6]. As one of the representative types of data on traffic and travel, taxi data have
become an important basis for studies of human mobility patterns [7].

As a component of the human living environment, weather conditions have significant
impacts on daily trips made by inhabitants [8–11]. Taking taxi travel as an example,
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the rainfall not only affects the demand for taxis but also leads to changes in the taxi
flow between areas. Additionally, it is likely that changes in road conditions caused
by rainfall affect driving speed, travel time, and choice of route during the taxi journey
from passenger pickup to the destination. [12,13]. In brief, people’s travel is influenced
by weather conditions, and their travel strategies usually vary significantly in different
weather conditions [14,15]. As a result, understanding how weather impacts human travel
patterns can contribute to improving the public transport service, and better satisfying the
travel demands of passengers under different weather conditions [16].

Studies of human mobility patterns that consider weather factors generally focus on
the field of transportation, usually analyzing several aspects, including traffic volume [17],
the speed and density of traffic flow [18,19], and traffic jams [20]. In addition, weather
changes make a big difference to vehicles, road conditions, driving behaviors (such as
psychology, judgement, and reflection) and the riding environment [21].

When considering complex and changeable weather factors, current research mainly
focuses on the association between different weather factors and human travel activities,
such as the demand for and security of traffic travel under various weather conditions,
including elevated temperatures, smog, and high winds [22,23]. These studies, for the
most part, investigated the impact of weather factors on people’s travel behaviors using
various modes of transportation from four perspectives: number of journeys, modes of
travel, travel speed, and travel time [24–28]. In addition, many studies regard rainfall as
having the most significant impact on people’s daily travel activities [29,30]. In particular,
normal travel time is usually delayed, and elastic demand is restricted and decreased in
rainstorm conditions, resulting in significant changes in the spatiotemporal distribution of
traffic demand [31].

However, because they lack sufficient space-dependent visual representation, current
research studies mainly focus on the overall statistical analysis and do not explore the
characteristics of the spatiotemporal distribution of people’s travel activities under different
weather conditions. Because weather conditions have several significant impacts on human
travel patterns and their spatial differences, the scarcity of study in this field needs to
be addressed, with particular regard to the significant spatial impact of two weather
conditions, the spatial change of people’s travel behavior patterns, and their interplay [32].
As a result, analysis of the impacts of changes in weather conditions on people’s travel
behavior patterns requires multiscale, comprehensive analysis and visual expression.

In addition, complex geospatial networks can combine statistics on the network index
with a spatial analysis based on statistical analysis and spatial visualization of network
characteristics [33,34]. Mobility network statistics can thus describe and evaluate how
human mobility is distributed and developed on different scales. Therefore, these complex
network-based analytical methods improve the understanding of urban mobility [35–37].

In this study, taking Zhuhai City, Guangdong Province, China as the study area,
we combined geospatial complex networks with multiscale geospatial analysis to extend
empirical research on human travel patterns by analyzing the impact of rainfall on hu-
man mobility. By dividing the taxi data into four scenarios: weekdays without rainfall,
weekdays with rainfall, weekends without rainfall, and weekends with rainfall, we aimed
to: (1) explore the feasibility of using taxi data to investigate human mobility in urban
areas under rainfall conditions; (2) compare the differences in basic travel characteristics
and explore the changes in the spatial distribution of trips in the different scenarios; and
(3) quantitatively explore the impacts of rainfall on human mobility at the whole network
and community network levels using the complex networks method.

2. Study Area and Data
2.1. Case Study: Zhuhai, China

This study was conducted in Zhuhai, China, which is in southern China and borders
Macao to the south, with a total area of approximately 1736 km2. According to the seventh
national population census conducted at the end of 2020, the residential population of
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Zhuhai was 2.44 million. Zhuhai consists of three districts (Xiangzhou, Doumen, and
Jinwan) and five economic function districts (Hengqin, Gaoxin, Baoshui, Wanshan, and
Gaolan). As the location of municipal government, Xiangzhou is the most flourishing
district. In Zhuhai, the central part of Xiangzhou district is called the Zhuhai Central Area,
and this represents the city center of Zhuhai. The central area occupies 153.15 km2 and has
a population of 1.12 milion, which is 46.08 percent of the total residential population. The
spatial map of Zhuhai and its central area is shown in Figure 1. In this study, we focused
on human mobility in the central area.
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Figure 1. (a) Location of the study area in China; (b) Location of the study area in Zhuhai City;
(c) Overview of the study area-Zhuhai Central Area.

2.2. Data Source

To address our research questions and examine the association between human mobil-
ity and rainfall, three datasets from Zhuhai, China were used in this study. The first dataset
was the weather conditions dataset, which consisted of one-hour measurements of weather
conditions for two weather stations from the Meteorology Bureau of Zhuhai. Since drizzle
and showers have minor effects on human mobility, this study defined days with rainfall
as those with a total precipitation exceeding 25 mm and a duration of more than 6 h. Using
this definition, we selected ten days with rainfall in August 2020, six weekdays and four
days at weekends. In order to identify differences in human mobility on days with rainfall,
twelve days without rainfall were also selected, half of which were weekdays and the other
half at weekends. As shown in Figure 2, the daily precipitation in Zhuhai was plotted as a
bar graph, and the dates of the four scenarios are represented by different colors.
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Figure 2. Zhuhai precipitation in August 2020 and the four scenarios.

The second dataset was taxi GPS trajectories for the same twenty-two days in August
2020. For study purposes, only the car IDs, pick-up and drop-off locations, and times-
tamps were considered (Table 1). The data covered trips taken by 2,165,106 passengers in
3284 taxis. Each trip represents a purposeful human movement from origin to destination.
We used ArcGIS to calculate the TAZs (Traffic Analysis Zones) based on the pick-up and
drop-off locations. In this sense, these trips can reflect spatial connections made through
human movements and serve as edges to build spatial interaction networks.

Table 1. Processed trip record data.

ID Pickup
Datetime

Dropoff
Datetime

Pickup
Longitude

Pickup
Latitude

Dropoff
Longitude

Dropoff
Latitude

Trip
Distance

(m)

Trip
Duration

(min)
Origin

TAZ
Destination

TAZ

1001
1 August

2020
19:06:02

1 August
2020

19:10:53
113.470733 22.215318 113.4896 22.224246 2700 4.8 12 165

1002
1 August

2020
17:19:50

1 August
2020

17:27:37
113.532791 22.256026 113.541893 22.240246 2900 7.4 39 41

1003
2 August

2020
18:49:03

2 August
2020

19:02:14
113.548533 22.222178 113.506586 22.226488 6300 13.1 126 170

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

In order to analyze changes in human mobility using the complex network method,
taxi OD points were integrated into different TAZs. Thus, the last dataset consists of the
TAZ data for the central area, consisting of 199 vector polygons (Figure 1).

3. Methodology

This section presents the methodological framework proposed in this study. Figure 3
shows our framework, which consists of two major components. In the first component, we
first calculated basic trip characteristics for different scenarios, such as trip distance and trip
duration, and then analyzed the spatial distribution of the trip in the four scenarios using
kernel density estimation. In the second component, we constructed the entire networks
for the four scenarios, and from these we detected the mobility communities in order to
investigate the impact of rainfall on human mobility by comparing the whole network and
community network indicators.
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3.1. Basic Mobility Characteristics

As each trip is simplified to a vector <
(
Ox, Oy, Om, Ot

)
,
(

Dx, Dy, Dm, Dt
)
>, the basic

trip patterns can be analyzed from the following two perspectives: Firstly, the properties
of all trips, such as distance and duration, can be computed and the associated statistical
distributions of the four scenarios are thus obtained. Trip distance Tripdist and trip duration
Tripdura were calculated as follows:

Tripdist = Dm −Om (1)

Tripdura = Dt −Ot (2)

Secondly, we used kernel density estimation to investigate the spatial distribution of
the trips in the different scenarios. Kernel density estimation is a nonparametric method for
estimating a density function from a random sample of data. The kernel density estimation
f (x) was calculated as follows:

f (x) =
1
h2 ∑n

i=1K
(

x− Xi
h

)
(3)

where h is the bandwidth, n is the number of discrete points in the bandwidth range, and
K(x) is the kernel function.

3.2. Complex Network Analysis
3.2.1. Network Construction and Community Detection

To capture a holistic picture of the urban mobility network, we extracted the travel
connection relationships between each pair of origin and destination (OD) TAZs and
aggregated all the taxi trips to construct a weighted directed network. This is defined as
G = (V, E), where V = {v1, v2, · · · , vn} contains all distinct visited TAZs, where n is the
number of TAZs in the central area. The edge set E =

{(
li,j, wi,j

)∣∣i, j ∈ V
∧

i 6= j
}

contains
all existing directed trips, where li,j represents the directed flow between pairs of TAZs. wi,j
is the weight of edge li,j, which corresponds to the taxi trip flow of TAZs.

Urban mobility subnetworks were constructed using community detection. Commu-
nity detection methods aim to identify partitions (structures composed of communities)
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which maximize the density of intragroup connections and thus find dense optimal sub-
graphs in large graphs. In other words, the community detection technique was used in
our study to detect TAZs that had a higher quantity of interactions with each other than
with the other TAZs, which means that people located in those TAZs have closer links with
each other than those located elsewhere.

The Louvain method is a popular community detection algorithm that has the advan-
tage of minimizing computation time [38]. However, it can yield arbitrarily badly connected
communities. The Leiden technique is used to identify well-connected and locally optimal
dynamic mobility communities in urban areas [39]. So, in this study, we used the Leiden
technique to identify the dynamic urban mobility communities. This algorithm mainly
consists of the following three phases: (1) local movement of nodes, (2) refinement of the
partition, and (3) aggregation of the network based on the refined partition, using the
nonrefined partition to create an initial partition for the aggregate network. For the network
construction and analysis in this study, we used the Leidenalg package and the Python
NetworkX package.

3.2.2. Statistical Indicators of Network

Degree, strength, connectivity, and clustering coefficient can be used to reflect the
topology characteristics of the network. To further investigate the discrete characteristics of
network indicator distribution, a standardized measure coefficient was used to represent
the discrete characteristics of the network. By comparing the temporal changes of these
indicator values in different weather conditions, we can obtain a better understanding of
the impact of rainfall on network mobility.

Node degree is an important quantity that reveals the spatial heterogeneity of urban
mobility [40]. Nodes with larger degrees represent more highly connected areas in the city.
In a network, the degree of a node is the number of edges directly connected to the node, as
shown in the following formula. In this study, it was the total number of passengers who
were picked up or dropped off at a TAZ.

ki = ∑j∈V N
(
vi, vj

)
(4)

The strength of edge and node are two indicators for the analysis of the network flow.
Edge strength W represents the taxi flow in a specific direction between the two TAZs.
Node strength Si is employed to generalize the degree measure of weighted networks,
which is defined as the sum of the taxi flow on all edges associated with node i. The
calculation formula is as follows:

W = ∑m
i=1ri (5)

Si = ∑j∈VW
(
vi, vj

)
(6)

where ri represents one trip in this direction, and m is the total number of such trips.
The connectivity of the network δ is quantitatively calculated as follows:

δ =
2× L

N2 (7)

where N is the number of nodes and L is the number of edges. A large δ indicates that the
taxi connections between TAZs were relatively denser and, thus, the network had better
overall connectivity.

Clustering coefficients include the local clustering coefficient and the average cluster-
ing coefficient. The local clustering coefficient of a node describes the likelihood that the
neighbors of this node are also connected. If a node has a high local clustering coefficient
value, this indicates local cohesiveness and a high tendency to form groups. For node i, its
local clustering coefficient is the fraction of the links that are present among the total possi-
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ble links between its neighbors. There are several generalizations of clustering coefficient
to weighted graphs, and the definition by [41] is a local node-level quantity. Its formula is

Cw
i =

1
si(ki − 1)

∑j,h
wi,j + wi,h

2
aijaihajh (8)

where si is the strength of the node i, aij are elements of the adjacency matrix, ki is the node
degree, wi,j are the weights. The average clustering coefficient of all nodes, 〈Cw〉, can be
applied to quantify the density of the entire network. The calculation formula is as follows:

〈Cw〉 =
∑i∈V Cw(i)

N
(9)

Closeness centrality is tightly related to the notion of distance between nodes. It is
calculated as the average of the shortest path length from the node to every other node in
the network. The calculation formula is as follows:

CCi =
N − 1

∑i 6=j d(i, j)
(10)

where N is the number of nodes in the network, and d(i, j) is the shortest path between
nodes i and j. The larger the CCi, the higher the node’s closeness centrality, and the better
its connection with other nodes.

For any indicator x of the network, such as degree or strength, we use the standardized
measure coefficient of variation CV(x) to further investigate the discrete characteristics of
network indicator distribution. The calculation formula is as follows:

CV(x) =
[x]
〈x〉 (11)

where [x] is the standard deviation and 〈x〉 is the average value. In particular, the coefficient
of variation is not affected by measurement scale and dimension.

4. Results
4.1. Basic Statistics and Spatial Distribution of Trip Data

To analyze the general distribution of trips in the different scenarios, average daily
statistics of the total number of trips, trip duration, and trip distance of each taxi were
calculated, as shown in Figure 4. In the figure, NRWD and RAWD represent weekdays
without rainfall and weekdays with rainfall, respectively, and NRWE and RAWE represent
weekends without rainfall and weekends with rainfall, respectively. These abbreviations
have the same meaning in the diagram below.

Overall, the average number of trips at weekends was slightly higher than on week-
days. As expected, in terms of weekdays, the number of trips on days with rainfall was
obviously lower than on days without rainfall. This is likely to be because people canceled
nonessential travel. By the same token, at weekends, there were also more taxi trips on days
without rainfall than on days with rainfall. From Figure 4b, we can see that trip distance
did not differ significantly between weekdays and weekends and was slightly higher on
days without rainfall than on days with rainfall. Figure 4c shows that the trip duration at
weekends was slightly reduced compared to weekdays.
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Figure 4. Average daily statistics of taxi trip in the four scenarios. (a) Trip flow; (b) Trip distance;
(c) Trip duration; (d) Hourly trip flow.

The demand for taxis changes in time and space according to the travel needs of
citizens. Figure 4d shows the hourly changes for the four scenarios; the x-axis indicates the
time horizon of 24 h and the y-axis is the number of trips. On weekdays, three peaks can be
observed: (1) a morning peak starting around 8 a.m., (2) an afternoon peak around 2 p.m.,
and (3) an evening peak starting around 8 p.m. During the first peak period, the trip flows
were not affected by the rainfall. At the second and third peak hours, the taxi flow on days
without rainfall was significantly higher than it was on days with rainfall. At weekends,
the maximum trip flow occurred in the evening peak hours, in contrast to the maximum
trip flow on weekdays which was during the morning peak hour.

To gain a better understanding of the patterns of taxi services, we further investigated
the proportions according to different trip distances and durations, as shown in Figure 5.
In general, the difference in the proportion of different distances and durations was not
obvious. In Figure 5a, we can see that almost all trips were within 15 km and that 85 per
cent of trips were within 7 km. Figure 5b shows that almost all trips took less than 35 min,
with more than 85 percent taking less than 15 min.

When comparing trip flow by distance on weekdays and weekends, the proportion
for days with rainfall was higher than for days without rainfall when the distance was less
than 3 km, and the result was reversed once the distance exceeded 3 km. Compared to
the trip duration in Figure 5a, the average weekend duration was shorter than it was on
weekdays, and the proportion that took less than ten minutes was greater on weekends.
This may be related to the fact that travel needs on the weekends are mainly leisure and
close to home.

To investigate the spatial patterns of taxi passengers in the four scenarios, we interpo-
lated the daily average pick-up location in each scenario using the kernel density estimation
method. Kernel density estimation can intuitively reflect the spatial distribution of taxi
passengers in the different scenarios, and can also represent the changes by comparison of
the density results.

As shown in Figure 6, we identified several identical hot spots, which represent the
locations with high passenger flow in the four scenarios. The highest are located near
Zhuhai Railway Station and Gongbei Port. On days with rainfall, the passenger density
decreased, and some hot spot areas were not obvious. Hot spots such as Mingzhu Railway
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Station, Mingyang Plaza, and Huafa Plaza were not affected by rainfall on weekdays or
weekends. Fuhuali Plaza was a significant hotspot on weekends without rainfall, but the
hotspot disappeared on weekends with rainfall.
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4.2. Complex Network-Based Analytical Indicators
4.2.1. Indicator Analysis of Whole Network

The network was constructed according to the taxi trajectory data for weekdays with
rainfall, weekdays without rainfall, weekends with rainfall, and weekends without rainfall,
respectively. Then, the complex network indicators introduced in 2.2 were calculated, as
shown in Table 2.

Table 2. The whole network indicators in four scenarios.

Indicators Description NRWD RAWD NRWE RAWE

L The number of edges 24194 21522 24232 20491
<K> Node average degree 244.38 216.3 243.54 205.94
δ Network connectivity 1.234 1.087 1.224 1.035

<CW> Average clustering 0.816 0.794 0.812 0.773
<S> Node average strength 939.26 891.92 948.43 928.19

CV(S) Coefficient of variation of node strength 1.39 1.43 1.41 1.43
<W> Edge average strength 3.84 4.12 3.89 4.51

CV(W) Coefficient of variation of edge strength 3.08 3.08 3.10 2.99

Compared to days without rainfall, the number of connections between TAZs (i.e., the
number of network edges) decreased significantly during the corresponding period of
days with rainfall, both on weekdays and at weekends. Additionally, the negative impact
of rain at weekends was stronger than that on weekdays. On days without rainfall, the
number of network edges (L) increased from weekdays to weekends, following the same
trend as the average daily trip flow. However, there were fewer connections between TAZs
on weekends with rainfall than on weekdays with rainfall compared to the average daily
trip flow.

The change in the number of network edges affects the average degree of nodes <K>.
<K> decreased as network edges decreased on days with rainfall. Overall, rainfall reduced
the external contact of TAZs by 11.5% on weekdays and 15.4% on weekends. Similarly,
the network connectivity (δ) of the network showed an obvious decline on days with
rainfall. However, there was no significant change between weekdays and weekends.
Finally, analysis of the average cluster coefficient C showed that it decreased on days with
rainfall. The decrease in network edges due to rainfall reduced the connection density and
the number of closed triplets between TAZs, thereby weakening the cluster connection
between TAZs.

In terms of network strength, the node strength <S> and edge strength <W> of week-
days with and without rainfall, were lower than they were at weekends. As expected, days
with rainfall had lower node strength than days without rainfall. Conversely, edge strength
was intense on days with rainfall. That is, as the number of edges decreased on days with
rainfall, the average edge strength was higher than it was on days without rainfall.

In terms of flow distribution, the coefficients of variation of node strength CV(S) on
days with rainfall were higher than on days without rainfall both on weekdays and at
weekends. When we compared this value for weekdays and weekends, the CV(S) did
not change on weekdays with rainfall, whereas the value increased from weekdays to
weekends on days with no rain. This means that the distribution of node strength on
days with rainfall was more homogeneous compared to weekdays and weekends without
rainfall. The same coefficient of variation of edge strength CV(W) on weekdays indicated
that rainfall on weekdays had no effect on the heterogeneity of edge strength distribution,
but rainfall on weekends had a significant effect on edge strength distribution.

In order to better compare the changes of various indicators on days with rainfall, we
computed and visualized the indicators of each network node on weekdays and weekends.
In terms of direct connection indicators, the spatiotemporal distribution of the difference in
node degree K and local clustering coefficient Cw on the weekdays and weekends with
rainfall is shown in Figure 7.
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The difference in TAZ degrees between weekdays and weekends with rainfall de-
creased significantly at most of the TAZ nodes, spatially in the periphery of the study area.
This means that the number of travel connections between TAZs decreased because of
rainfall. At weekends, the node degree decreased more than on weekdays. This means that
the impact of rainfall on the number of travel connections between TAZs was minor on
weekdays. The large areas of dark blue in Figure 7b indicate that TAZs in these locations
reduced some unnecessary travel connections on weekends with rainfall. As shown in
Figure 7, the local clustering coefficient of most TAZs did not change significantly on the
weekdays. However, at weekends, the number of TAZs with lower C increased significantly,
and the TAZs with weakened C showed the characteristics of a large weakening range. For
the spatial distribution, although some TAZs with increased C could be found both on the
weekdays and weekends, they were relatively uniform and in a mixed state.

To further investigate the connection between TAZs, the differences in node strength S
and closeness centrality CC on days with and without rainfall were calculated. As shown in
Figure 8, we found that regardless of whether it was a weekday or the weekend, the TAZs
with the highest node strength decline were mainly concentrated in commercial areas such
as Huafa, Fuhua, and Yangming Plaza. Only a few TAZ nodes with slightly poor traffic
conditions increased in node strength on the days with rainfall. This means that on days
with rainfall, people with strong travel needs may prefer taxis. On days with rainfall, the
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closeness centrality of TAZs decreased overall on weekdays and weekends, which means
that rainfall weakened the indirect connectivity between TAZs.
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4.2.2. Indicators Analysis of Community Network

Using the Leiden algorithms, we detected network communities from the dataset
of the four scenarios. As shown in Figure 9, four communities were detected on the
weekdays and five communities were detected at the weekends, and different communities
are visualized in different colors.

On weekdays, the spatial pattern of the four communities was very similar. The
red community C1, where Jida is located, had an enclave in its southern area on days
without rainfall. The blue community C2, consisting of Shishan, Xiangwan, Cuixiang, and
Meihua, extended southwards on days with rainfall. On days without rainfall, there were
a few enclaves between different communities, but on days with rainfall, the enclaves
disappeared, and the pattern of each community was more concentrated.

Compared with weekdays with rainfall, the structures of communities change more
on weekends with rainfall. The TAZ number of the yellow community clearly decreased.
By absorbing a small part of the yellow community, the red community extended to the
northwest and the blue community to the east. As for the weekdays, on weekends with
rainfall, each community was more compact, with no enclaves.
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To carry out a more detailed exploration at the community level, we calculated the
network connectivity δ, the average clustering coefficient <C>, the coefficient of variation
of node strength CV(S), and the coefficient of variation of edge strength CV(W) of these
four community networks. The results are shown in Table 3.
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Table 3. The network indicators of communities of four scenarios.

Weekdays without Rainfall Weekdays with Rainfall Weekends without Rainfall Weekends with Rainfall

Community C1 C2 C3 C4 C1 C2 C3 C4 C1 C2 C3 C4 C5 C1 C2 C3 C4 C5

δ 1.884 1.857 1.211 1.487 1.852 1.898 1.042 1.309 1.985 1.814 1.182 1.389 1.755 1.827 1.906 0.964 1.217 1.679
<C> 0.975 0.961 0.778 0.876 0.966 0.97 0.731 0.864 0.995 0.959 0.749 0.853 0.945 0.958 0.962 0.725 0.82 0.919

CV(S) 0.738 0.984 1.22 0.98 0.742 0.998 1.23 1.001 0.65 1.009 1.436 0.954 0.88 0.753 0.989 1.437 0.937 0.904
CV(W) 1.21 1.736 1.883 1.682 1.21 1.834 1.741 1.601 1.121 1.766 2.362 1.521 1.458 1.221 1.8 2.032 1.329 1.512

On weekdays, with the exception of community C2, the network connectivity δ and
average clustering coefficient <C> of all the communities decreased on days with rainfall, as
shown in Table 2. This indicates that most communities had higher clustering characteristics
on weekdays with rainfall. In addition, community C3, where Nanwan is located, exhibited
the lowest clustering characteristics on weekdays both with and without rainfall. In terms
of network flow, the CV(S) of node strength for all communities increased on days with
rainfall, whereas the CV(W) of communities C3 and C4 differed from the overall trend. As
can be seen from Figure 6, the traveler density in the C3 and C4 areas was relatively small,
so the coefficient of variation of edge strength was lower on the days with rainfall.
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At weekends, we found that the network structure was relatively unstable, and its
connectivity was more affected by rainfall. As on weekdays, only the network connectivity
δ of community C2 increased on weekends with rainfall. Additionally, it can be seen from
Table 2 that the average clustering coefficient <C> of community C2 increased slightly on
weekends with rainfall. This means that on the days with rainfall, the community network
near Zhuhai Railway Station and Gongbei Port not only maintained high connectivity but
also maintained high aggregation characteristics among the TAZs. On weekends with
rainfall, the CV(S) and CV(W) tend to vary by communities. The CV(S) and CV(W) of
communities C1 and C5 showed the same increasing trend on weekends with rainfall, but
C4 was the opposite, with both showing decreasing trends.

5. Summary and Discussion

Urban China currently faces a low-level natural disaster in terms of rainstorms and
flooding, which have a significant impact on travel. Based on taxi data in different scenar-
ios, this study analyzed the impact of rainfall on residents’ travel using basic statistical
analysis and complex network analysis, and conducted comparative analysis and detailed
discussion from time and space dimensions.

This study benefits from the advantages of taxi data in terms of the large sample size,
its accuracy, and its individual dimension. Acquiring the spatial–temporal characteristics
of inhabitants’ travel on various days with rainfall can help us to further understand the
impact of rainfall on travel in urban areas. In addition, it contributes to a deeper under-
standing of the interaction between residents’ daily travel and the complex geographic
environment of cities and provides more detailed support for decision-making, planning,
and management of urban transportation and land use systems.

However, this study also has some limitations in data and methods. For instance, it
only discusses the impact of rainfall factors on residents’ travel based on taxi trajectory data,
and the analysis is performed on a time scale of days. In the future, other travel data (such as
smart card data and mobile signaling data) could be used for further investigation, and this
could be analyzed in depth by hours (such as morning and evening peak or different hours
of the day). In addition, our research defined days with rainfall as those with continuous
rain for 6 h and an amount of rain greater than 25 mm. Only one month’s worth of data was
used for the analysis. With the accumulation of data, it would be possible to thoroughly
analyze the impact on human travel behavior at different levels of rainfall and extreme
rainfall conditions. Moreover, rainfall has a certain spatial and temporal heterogeneity.
This study did not analyze the travel impacts of changes in rainfall conditions within a day,
such as how long the delayed impact of rainfall on travel lasted and what the conditions
were for the recovery of mobility in different regions after rain. Neither did we consider
what factors directly affected the recovery time for human mobility. In future work, we
will use hourly rainfall data and analysis of travel characteristics to answer these questions.
Finally, this study only focused on the impact of rainfall on residents’ travel, and the impact
of other weather factors (such as temperature, relative humidity, and wind speed) could be
considered in the future.

6. Conclusions

In this paper, we took the central area of Zhuhai as our research area, and based on
taxi data, used basic statistics and complex network analysis methods to compare and
analyze human mobility in four scenarios. The research conclusions are as follows:

(1) Taxi GPS data are highly informative and exploitable in the field of human mobility
analysis. Using the location and times at which passengers were picked up and
dropped off in taxi trip GPS data, we can analyze activity levels across the city and
the way people move around the city;

(2) Rainfall has a reducing effect on trip flow whether on weekdays or at weekends,
as well as on trip distance and trip duration, but has no significant impact on the
appearance and duration of peak hours. From the spatial distribution of passengers,
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it is evident that rainfall has little effect on most hotspots, with the exception of a few
commercial centers;

(3) From the perspective of the whole mobility network, rainfall has a significant effect
on the network indicators. For instance, the edges of the network and the average
degree of nodes decreased significantly on days with rainfall. Node and edge strength
in some commercial areas declined significantly on the days with rainfall;

(4) There were more mobility communities were detected on weekends than on weekdays.
The number of communities on weekdays and weekends did not change because of
rainfall. For communities located in transportation hubs or port areas, the changes in
network indicators were opposite to those of other communities.
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