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Abstract: The spatiotemporal characteristics of near-surface wind in Shenzhen were investigated in
this study by using hourly observations at 92 automatic weather stations (AWSs) from 2009 to 2018.
The results show that during the past 10 years, most of the stations showed a decreasing trend in the
annual mean of the 10 min average wind speed (avg-wind) and the mean of the 3 s average wind
speed (gust wind). Over half of the decreasing trends at the stations were statistically significant (p <

0.05). Seasonally, the decrease in wind speed was the most severe in spring, followed by autumn,
winter, and summer. The distribution of wind speed tends to be greater in the east and coastal areas
for both avg-wind and gust wind. From September to March of the following year, the prevailing
wind direction in Shenzhen was northerly, and from April to August, the prevailing wind direction
was southerly. The seasonal wind speed distribution exhibited two different types, spring–summer
type and autumn–winter type, which may be induced by their different prevailing wind directions.
The analysis by the empirical orthogonal function (EOF) method confirmed the previous findings
that the mean wind speed was decreasing in Shenzhen and that two different seasonal wind speed
spatial distribution patterns existed. Such a study could provide references for wind forecasting and
risk assessment in the study area.
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1. Introduction

With the development of the economy, urban expansion is occurring throughout the world [1–3].
By 2025, two-thirds of the world’s population is expected to live in cities [4]. While cities enable more
prosperous societies and promote people’s living standards, urban ecosystems are facing increasingly
severe challenges. Environmental problems, including urban heat island effects, air and water pollution,
biodiversity reductions, and resource shortages, are becoming common concerns for cities around
the world [5–8]. In addition, urbanization and the associated land use changes alter the energy and
radiation balance [9], and therefore, wind patterns over city regions may also change.
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Near-surface wind, which is at the bottom of the atmosphere and close to the land surface,
has many direct influences on the city life and environment. Since near-surface wind can harm
forests, aviation, buildings, and other structures, detailed knowledge about the spatial and temporal
characteristics of near-surface wind is of great interest for many socioeconomic sectors, including
forest administrations, insurance companies, and local authorities [8,10–13]. As a renewable and clean
resource, wind energy can provide a solution to release the city air pollution and energy shortages [8].
Wind research in cities is also helpful in solving some environmental problems. Previous studies
have pointed out that urban heat islands tend to be weaker when there are strong winds [5,14].
The change in wind direction could affect the concentrations of air pollution on city streets and the
transport of air pollutants among different areas [6,15]. On the other hand, wind research is also an
important indicator in investigations of local climate change. A study by Wu et al. reported that
the wind speed decrease in East China was more severe in large cities than in small cities during
1980–2011 [16]. Moreover, as a part of the atmosphere, near-surface wind variability can also reflect
the change in atmospheric circulation and help us to forecast the consequent changes in rainfall and
temperature [17,18]. Therefore, detailed knowledge of near-surface wind can offer useful insights into
creating a sustainable environment for cities.

Studies on near-surface wind have a long history and have greatly improved the understanding
of local and global wind climate. Among the many wind data metrics, wind spatial distribution is
one of the most concerning characteristics, as it is useful in evaluating wind resources and finding
notable wind patterns [19,20]. Long-term wind speed trends are another important issue under the
background of global climate change. Many areas, such as Spain, Portugal, and China, have been
reported to have a downward trend over the past decades [21,22]. Overall, the near-surface wind
speed decline seems to be a global phenomenon [23]. There are two main factors that affect wind speed.
Changes in driving forces and changes in surface friction are thought to be responsible for the global
wind decline, but for a local area, the reasons remain unclear and require further analysis [23].

Climate variations, including wind variations, are often considered to be the result of complex
nonlinear interactions among many degrees of freedom and patterns [24]. Consequently, finding the
independent patterns in the wind dataset is a challenging task. In the last several decades, thanks to
the efforts of meteorologists, the empirical orthogonal function (EOF) approach has been well
developed and widely used to reduce dimensionality and extract important patterns from atmospheric
observations [24–27]. Using the EOF method, Ludwig et al. [26] revealed that the dominant physical
process of surface wind in the valleys south of Great Salt Lake was the diurnal cycle of thermally
induced flows. Based on the cluster analysis on the EOF method, Beaver and Palazoglu [28] identified
the times of occurrence for wind patterns affecting the local ozone composition in the San Francisco Bay
Area. The main reason for the popularity of the EOF analysis is that it can concisely describe the entire
dataset by using a few important patterns (i.e., EOFs), which cannot be completed using a simple metric
such as averages [27]. More importantly, the identified important patterns can be associated with
different physical processes. However, despite the simplicity and physical interpretability, the EOF
method is not guaranteed to provide a full picture of the atmosphere [29].

Shenzhen, one of the most prosperous and densely populated areas in the world, is located on
the southern coast of China, bordering Hong Kong to its south. Tropical cyclones, strong convection,
and cold waves occur frequently, which may bring strong wind to the area and severely threaten the
safety of people’s lives and property [30–33]. Wind-related environmental issues, such as the heat
island effect and air pollution, also exist in Shenzhen [34,35]. However, due to the lack of relevant
research, the detailed wind characteristics in Shenzhen are still unclear. The existing research is limited
along the coastal area and strong wind cases caused by monsoon and tropical cyclones [36].

In the past 20 years, many automatic weather stations (AWSs) have been established in Shenzhen,
making it possible to study the near-surface wind characteristics using a high spatial resolution dataset.
In this study, qualified hourly wind data from 92 AWSs in Shenzhen during the period 2009–2018
were investigated. The aim of this paper is to study the detailed spatiotemporal characteristics of
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the near-surface wind in Shenzhen. The rest of this paper is organized as follows. The data and
methodologies are described in Section 2. The results and discussion are shown in Section 3, and the
conclusions are summarized in Section 4.

2. Materials and Methods

2.1. Study Area and Data

Shenzhen is located on the southern coast of China, covering an area of 1997 km2 between
22◦24′–22◦52′ N latitude and 113◦46′–114◦37′ E longitude. Over the past two decades, more than
200 AWSs have been established in Shenzhen. The data used in this study are the hourly wind
observations during the 2009–2018 period, which were supplied by Shenzhen Meteorological Bureau
(SZMB). The analysis focuses on two types of winds. One is average wind speed (avg-wind), defined as
the maximum 10 min average wind speed in an hour; the other one is gust, defined as the maximum
3 s average wind speed in an hour.

Unconditional use of raw data may lead to wrong conclusions; therefore, it is necessary to examine
the raw data before proceeding to the analysis. In this study, the data quality control implemented
on the AWSs data mainly contains four steps, which basically follow the criteria of some previous
studies [37,38]. First, completeness and internal consistency checks were used to exclude the incomplete
and erroneous records [37]. A complete record means its information of the wind speed and direction
(both for avg-wind and gust) cannot be empty. The rules for the internal inconsistency are identified
as (a) the gust speed is less than the avg-wind speed for the same hour and (b) the wind direction
is not in the range of [0, 360] (Here the range of [0, 360] refers to a closed interval, meaning that the
wind directions are greater or equal to 0 and less or equal to 360, while the range of (0, 360) means
that the wind directions are greater than 0 and less than 360). The inconsistent records are considered
erroneous and are disregarded in this study. Second, the rule of high/low range limits for wind speed
is adopted to exclude the records with extreme high/low values, where the high limits for avg-wind
and gust are 45 ms−1 and 100 ms−1, respectively, and the low limits for both are 0 ms−1 [37,38]. Next,
a homogeneity check was used to uncover the sudden changes in the mean wind speed by subjective
visual inspections [37]. The wind data inhomogeneity caused by AWS relocation or sensor upgrades
could result in an unreal trend analysis result. Finally, the qualified AWSs must have records of more
than 85% of all hourly observations during the study period.

After the above quality control, wind data from 92 AWSs are qualified for the study period.
For the calculations of the average spatial characteristics during the 10-year period, AWSs with 85%
of whole data availability are acceptable. The climatological monthly means (CMMs) for all stations
can be calculated. For computing the variation trends in wind speed of the AWSs during the study
period, the number of hourly records in each month must also have more than 85% availability.
Otherwise, the monthly mean in that year must be calculated by the CMM plus the monthly anomaly
interpolation. For example, if the hourly wind records for station A in January 2015 are only 60%
available, these records are not sufficient to compute the monthly mean wind speed for station A in
this month. However, the monthly anomaly (the difference between the CMM and the monthly mean)
of station A (AnomV) in January 2015 can be obtained by the spatial anomaly interpolation of the other
91 stations in Shenzhen. Hence, the monthly mean of station A in January 2015 can be computed as the
sum of AnomV and CMM.

Figure 1 shows the geographical features of Shenzhen and the distribution of those 92 stations.
The average spatial distance between every two stations is less than 5 km. In addition to the observed
station data, ERA-Interim data are employed to explore the atmospheric background for the wind
conditions in Shenzhen [39].
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Figure 1. Location of the 92 automatic weather stations (AWSs) in Shenzhen and the geographical 
features of the study area. The elevation legend indicated by blue circles refers to the elevation of the 
AWSs, while the legend of the color bar exhibits the elevation of the study domain. 
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Due to its simplicity and physical interpretability, the EOF analysis is often used to study 
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suppose there is a dataset containing wind observations collected from s stations at t discrete time 
points, and the observed wind data can be represented by the data matrix X (s, t). Then, the anomaly 
field can be obtained by subtracting the temporal averages at each station. By decomposing the 
covariance matrix of the anomaly field, the method provides a set of ranked eigenvectors (i.e., EOFs) 
along with the associated time coefficient. Each EOF explains part of the total variance, and those that 
explain the largest variances may reflect important physical processes [24,25]. Because the 
nonuniformly distributed climate data may influence the structure of the computed EOFs, the 
stations (in Figure 1) data are first interpolated into uniformly distributed gridded data with a 
resolution of 2 km [24]. The EOF analysis is then implemented to explore the important physical 
processes based on the gridded monthly mean of the wind data. 

2.2.2. Gust Factor 

Gust factor (hereafter called GF), as a measure of gustiness, is typically defined as the ratio of 
the peak wind speed to the sustained wind speed [40]: GF =  G/U (1) (1) 

In this study, the peak wind speed G refers to the maximum 3 s average gust wind in an hour, 
and the sustained wind speed U refers to the maximum 10 min average avg-wind in an hour [41]. To 
better understand the GFs, the values are stratified into three bins based on the avg-wind speeds. 
This stratification could be useful in forecasting the gust wind. The ranges of avg-wind speed for 
three GF bins are weak wind bin, less than 5.4 ms−1; medium wind bin, 5.5–13.8 ms−1; and strong wind 
bin, greater than 13.8 ms−1, which correspond to no more than a force of 3, a force of 4–6, and higher 
than a force of 6 according to the criterion of the Chinese Meteorological Administration [42]. 
  

Figure 1. Location of the 92 automatic weather stations (AWSs) in Shenzhen and the geographical
features of the study area. The elevation legend indicated by blue circles refers to the elevation of the
AWSs, while the legend of the color bar exhibits the elevation of the study domain.

2.2. Methods

2.2.1. Empirical Orthogonal Function (EOF) Analysis

Due to its simplicity and physical interpretability, the EOF analysis is often used to study possible
spatial modes of climate variability and how they change with time [25]. Mathematically, suppose there
is a dataset containing wind observations collected from s stations at t discrete time points, and the
observed wind data can be represented by the data matrix X (s, t). Then, the anomaly field can
be obtained by subtracting the temporal averages at each station. By decomposing the covariance
matrix of the anomaly field, the method provides a set of ranked eigenvectors (i.e., EOFs) along with
the associated time coefficient. Each EOF explains part of the total variance, and those that explain
the largest variances may reflect important physical processes [24,25]. Because the nonuniformly
distributed climate data may influence the structure of the computed EOFs, the stations (in Figure 1)
data are first interpolated into uniformly distributed gridded data with a resolution of 2 km [24].
The EOF analysis is then implemented to explore the important physical processes based on the
gridded monthly mean of the wind data.

2.2.2. Gust Factor

Gust factor (hereafter called GF), as a measure of gustiness, is typically defined as the ratio of the
peak wind speed to the sustained wind speed [40]:

GF = G/U (1) (1)

In this study, the peak wind speed G refers to the maximum 3 s average gust wind in an hour,
and the sustained wind speed U refers to the maximum 10 min average avg-wind in an hour [41].
To better understand the GFs, the values are stratified into three bins based on the avg-wind speeds.
This stratification could be useful in forecasting the gust wind. The ranges of avg-wind speed for three
GF bins are weak wind bin, less than 5.4 ms−1; medium wind bin, 5.5–13.8 ms−1; and strong wind bin,
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greater than 13.8 ms−1, which correspond to no more than a force of 3, a force of 4–6, and higher than a
force of 6 according to the criterion of the Chinese Meteorological Administration [42].

2.2.3. Trend Analysis

Trends in the annual and seasonal averages of avg-wind were calculated. In addition, the trend
of the annual mean wind speed in the troposphere (at 925 hPa and 700 hPa) was also analyzed to
explore the possible reasons for the trend of the near-surface wind. Because most of the wind data are
nonnormally distributed, nonparametric methods are used in this study. The Sen’s slope estimator
was applied to calculate the trend slope [43]. The Mann–Kendall (MK) test was applied to compute the
significance levels of the trends [44,45]. A p-value <0.05 is considered that the trend is significant.

2.2.4. Mean Direction

The mean wind direction can reflect the prevailing wind characteristics over a region for a specific
season. In this study, Mardia’s method was employed to calculate the mean wind direction [46].
Supposing there is a set of wind directions given by angular measurements θ1, . . . ,θn, the mean wind
direction θ is computed as follows [46]:

S =
1
n

n∑
j=1

sinθ j (2)

C =
1
n

n∑
j=1

cosθ j (3)

Then, the mean wind direction θ can be calculated by the solution of the inverse tangent of S/C:

θ =

 tan−1
(
S/C

)
i f C ≥ 0

tan−1
(
S/C

)
+ π i f C < 0

(4)

Using the method described above, the monthly mean wind direction was calculated to investigate
the variation in wind direction. Furthermore, the wind data were stratified into eight 45◦ direction
bins to assess whether and how the wind direction influences the wind speed patterns.

3. Results and Discussion

3.1. Spatial Wind Characteristics

Figure 2 shows the wind distributions of the avg-wind and gust averages in Shenzhen over the
2009–2018 period. Figure 2a,b shows the spatial distributions of the avg-wind and gust, respectively.
Figure 2c shows the boxplot of the avg-wind and gust averages at the 92 AWSs in Shenzhen over the
10-year period. The wind distribution patterns are similar in Figure 2a,b. The strongest winds are
found along the southeast coast and in the south-central area. Overall, wind is stronger in the east than
in the west, and wind is stronger along the coastal areas than in the inland areas. In addition, there are
two apparent zones with weak winds in the central west inland areas. From the boxplot (Figure 2c),
it can be seen that the median (Q2, the short horizontal line in the middle of the box) and mean (the
triangle in the middle of the box) values of avg-wind (10 min average) are approximately 2.5 ms−1.
The range of the 25th (Q1) to 75th (Q3) percentiles is [2.2, 2.9]. For the gust (3 s average), the median
and mean values are close to 4.5 ms−1, and the corresponding range of the 25th to 75th percentiles is
[4.1, 5.1]. Here, the points are drawn as outliers if they are larger than Q3 + 1.5 × (Q3 − Q1) or smaller
than Q1 − 1.5 × (Q3 − Q1) for the corresponding avg-wind dataset and gust dataset, respectively.
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larger than Q3 + 1.5 × (Q3 − Q1) or smaller than Q1 − 1.5 × (Q3 − Q1). 

The result that the average wind along the coastal areas tends to be stronger than that in the 
inland areas is in accordance with some previous studies [47,48]. A possible explanation for this is 
that the roughness of the inland surface is much higher than that of the sea water. For coastal cities, 
such as Shenzhen, the wind would be generally strong over the sea water, followed by the coastal 
areas and then the inland areas. 

In addition to the average wind characteristics, the extreme wind situations in Shenzhen over 
the 2009–2018 period were investigated. Figure 3 shows the distribution of the 99th percentile of wind 
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Figure 2, the 99th percentile of the avg-wind and gust are more than twice the corresponding average 
wind speeds. However, there is no significant difference between the distribution patterns of the 
averages and the 99th percentile, except that the wind speeds are larger in the latter. 

Figure 2. The spatial distribution of the average winds of (a) avg-wind and (b) gust in Shenzhen
over the 2009–2018 period; (c) boxplot of the average winds at the 92 AWSs over the 10-year period.
The green triangle inside the box denotes the mean value, while the horizontal solid lines of the box
refer to the median and range, where the top and bottom of the box indicate the 75th (Q3) and 25th (Q1)
percentiles, respectively. The top and bottom whiskers indicate the maximum and minimum values
that are not outliers. The black solid circles refer to outliers, which are identified as values that are
larger than Q3 + 1.5 × (Q3 − Q1) or smaller than Q1 − 1.5 × (Q3 − Q1).

The result that the average wind along the coastal areas tends to be stronger than that in the inland
areas is in accordance with some previous studies [47,48]. A possible explanation for this is that the
roughness of the inland surface is much higher than that of the sea water. For coastal cities, such as
Shenzhen, the wind would be generally strong over the sea water, followed by the coastal areas and
then the inland areas.

In addition to the average wind characteristics, the extreme wind situations in Shenzhen over the
2009–2018 period were investigated. Figure 3 shows the distribution of the 99th percentile of wind at
the 92 AWSs over the 10-year period. Figure 3a,b shows the spatial distributions of the 99th percentile
of avg-wind and gust, respectively. Figure 3c shows the boxplot of the 99th percentile of the avg-wind
and gust at the 92 AWSs over the 10-year period. Comparing the wind situations in Figure 2, the 99th
percentile of the avg-wind and gust are more than twice the corresponding average wind speeds.
However, there is no significant difference between the distribution patterns of the averages and the
99th percentile, except that the wind speeds are larger in the latter.
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Figure 3. The spatial distribution of the 99th percentile of (a) avg-wind and (b) gust in Shenzhen over
the 2009–2018 period; (c) boxplot of the 99th percentile of the corresponding winds at the 92 AWSs over
the 10-year period. The symbols for the boxplot are the same as in Figure 2.

3.2. Spatiotemporal Wind Characteristics

3.2.1. Monthly Wind

The variations in the 12-month mean wind direction over the 10-year period are shown in Figure 4.
As seen from the figure, there is a typical wind direction cycle in Shenzhen. Influenced by the Siberian
Anticyclone, the mean wind directions in autumn and winter are mainly northeast and become
northernmost around December. More than 95% of the wind directions at the 92 AWSs are northerlies.
From January to March, the percentage of the northern wind decreases while the southern wind
increases. Summer monsoon is active in spring and summer and has great influence on the prevailing
wind in the study area. The wind direction becomes southernmost around July, in which 93.5% of
the wind directions at the 92 AWSs are southerlies. According to the percentage of southern and
northern winds, two transitions between the winter monsoon and summer monsoon occur around
March and September, respectively. These changes in wind directions are consistent with the findings
in the neighboring Hong Kong area [49], which shows that the prevailing wind in spring and summer
shifts to a southeast direction and gives way to the northeast monsoon in autumn and winter.

Previous studies have found that the origin of the winter monsoon over East Asia can be traced
back to the establishment of northwesterly flow via a ridge aloft over Lake Baikal [50]. Then, a large
upper-air ridge-trough structure is formed over Siberia to its eastern seaboard and induces southward
cold air from the eastern Siberian High [50]. Consequently, the propagation of this cold air brings
northeast surface winds in Shenzhen. In contrast, the system of East Asian summer monsoons is more
complicated. Zeng et al. [51] found that the summer monsoon before mid-June can be divided into
three sub-branches: (a) the Warm Pool region in the West Pacific Ocean and its vicinity, (b) the tropical
Indian Ocean region, and (c) the South China Sea region. The three monsoon branches are unified as a
whole system after July, which influences the prevailing winds of regions from the Indian Peninsula
extending to the South China Sea and 30◦ N of Eastern China [51]. These tropical monsoons bring
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Shenzhen south winds associated with warm and humid air. The beginning of the summer monsoon is
an important signal of the transition from the dry season to the rainy season [18], and the arrival time
and intensity of the summer monsoon directly influences the regional rainfall [18]. Therefore, the study
of changes in wind directions could be used in the investigation of the annual variation in local rainfall.

It is worth noting that in Figure 4, there are always some AWSs with different wind directions
from the prevailing wind direction in each month. For example, even though the dominant wind
direction is northerly in December, some AWSs still have a southerly direction. This wind direction
that is different from the prevailing direction is possibly due to the topography alignment [52].Sustainability 2020, 12, x FOR PEER REVIEW 8 of 21 
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3.2.2. Seasonal Wind

The spatial distributions of the average wind of the avg-wind and gust for the four seasons are
illustrated in Figure 5. It can be seen that the average seasonal wind speed distributions can be roughly
classified into two types: the autumn–winter type and spring–summer type. In autumn and winter,
the strongest winds appear along the southeast coast. The winds in the west, especially in the inland,
are significantly less than those in the east. In contrast, the spring–summer type is different from the
autumn–winter type. The wind difference between the east area and west area in spring and summer
is not as severe as that in autumn and winter. It is worth mentioning that the strongest winds shift to
the west coast during the summer time, which is different from the case in the other three seasons.
This may be due to the different seasonal prevailing wind directions, which are shown in Figure 4.
In summer, the prevailing wind direction is southerly. During this season, the South China Sea summer
monsoon and Southwest monsoon occur frequently [51]. This should be the reason why the west coast
of Shenzhen also suffers from a strong wind influence in summer.
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Figure 5. Spatial distribution of the seasonal mean wind speed. The figures of (a), (c), (e), and (g) refer
to avg-wind, while (b), (d), (f), and (h) refer to gust. (i) shows the boxplots of the average seasonal
wind speed of avg-wind and gust at 92 AWSs during the past 10 years. The symbols for the boxplot
are the same as in Figure 2c. (j) is the same as (i), but for the 99th percentile wind speed. SP, SU, AU,
and WI denote spring, summer, autumn, and winter, respectively.
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Furthermore, the seasonal mean of avg-wind speeds and 99th percentile of the seasonal avg-wind
speeds at those 92 AWSs were analyzed (Figure 5i,j and Tables 1 and 2). According to Figure 5i and
Table 1, the average wind speeds tend to be greater in spring and winter (relatively greater mean and
median), which is consistent with the study on wind speed in China [19]. The study by Lau and Lau
indicated that high-frequency midlatitude disturbances caused frequent cold surges, thus strengthening
the surface winds in East Asia [53]. Therefore, the greater wind speeds of the winter monsoon are
attributed to the frequent cold surges. However, the situations are different for the 99th percentile
wind speeds (Figure 5j and Table 2) in terms of the mean and median. Wind speed is largest in summer,
followed by autumn, winter, and spring. It is worth noting that the strong winds in winter and spring
are mainly caused by the Siberian Anticyclone [54], while in summer and autumn, the strong winds
are mainly due to the frequent tropical cyclones [55]. The difference here suggests that the winter
monsoon may bring higher continuous wind power, while the extreme windy weather caused by the
monsoon is less destructive than the winds caused by tropical cyclones.

Table 1. Statistics of seasonal average wind speed.

SP-Wind SU-Wind AU-Wind WI-Wind SP-Gust SU-Gust AU-Gust WI-Gust

mean 2.55 2.51 2.51 2.56 4.69 4.67 4.66 4.70
median 2.50 2.44 2.42 2.45 4.63 4.60 4.55 4.60

SD 0.64 0.63 0.74 0.80 0.77 0.72 0.95 1.03

Table 2. Statistics of seasonal 99th percentile wind speed.

SP-Wind SU-Wind AU-Wind WI-Wind SP-Gust SU-Gust AU-Gust WI-Gust

mean 6.25 6.43 6.28 6.15 11.40 12.18 11.85 11.38
median 5.91 6.0 5.90 5.72 11.11 11.75 11.30 10.75

SD 1.83 1.93 2.19 2.33 2.13 2.20 2.72 3.08

From Figures 4 and 5, it can be seen that the wind direction transition time is close to the time
of the seasonal wind speed pattern change. Then, it is inferred that the seasonal wind direction may
have a great influence on the wind spatial distribution. Therefore, the relationship between the wind
direction and the wind speed distribution is further investigated.

Based on the hourly mean wind direction, the avg-wind speeds are stratified into eight direction
bins, which are [0◦, 45◦), [45◦, 90◦), [90◦, 135◦), . . . , and [315◦, 360◦). The spatial avg-wind distributions
in Shenzhen under the eight wind directions are shown in Figure 6. The percentage of each of the wind
directions during the 10-year period was also computed and is shown on the top right of each subplot.
As seen in Figure 6, the most prevailing wind direction in Shenzhen is the 0–45◦ wind (Figure 6a),
accounting for 26.3% of the total wind directions. The second and third prevailing wind directions are
45–90◦ (Figure 6b) and 90–135◦ (Figure 6c), respectively. The southwest wind direction of 180–225◦

(Figure 6e) ranks fourth. Figure 6i shows the boxplot of the mean avg-wind at the 92 AWSs during the
past 10-year period under the eight different wind directions. Figure 6 shows that for the avg-wind,
the strongest wind direction is 0–45◦, followed by 90–135◦ and 180–225◦. Under the wind directions of
0–45◦ and 90–135◦, strong avg-wind occurs along the southeast coast, while under the wind direction
of 180–225◦, the avg-wind is stronger along the west coast than along the southeast coast.

As gust wind is more destructive than avg-wind [56], the extreme situation of the 99th percentile
of the gust wind at the 92 AWSs under the eight different wind directions during the past 10-year
period was also explored. Figure 7 shows the spatial distributions of the 99th percentile of the gust
wind in Shenzhen under the eight wind directions.
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Figure 6. Spatial distribution of the mean avg-wind speed under eight wind directions. Ranges of
the direction bins are 0–45 (a), 45–90 (b), 90–135 (c), 135–180 (d), 180–225 (e), 225–270 (f), 270–315 (g),
and 315–360 (h), where the red arrows indicate the general wind direction of the bins and the percentage
values show the proportion of each wind direction subset to the total dataset; the boxplot shows
the mean avg-wind at the 92 AWSs during the past 10-year period under the eight different wind
directions (i). The symbols for the boxplot are the same as those used in Figure 2c.
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Figure 7. The spatial distributions of the 99th percentile of the gust wind in Shenzhen under the eight
different wind directions. Ranges of the direction bins are 0–45 (a), 45–90 (b), 90–135 (c), 135–180 (d),
180–225 (e), 225–270 (f), 270–315 (g), and 315–360 (h), where the red arrows indicate the general wind
direction of the bins; the boxplot shows the 99th percentile of the gust wind at the 92 AWSs during the
past 10-year period under the eight different wind directions (i). The symbols for the boxplot are the
same as those used in Figure 2c.
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As seen from Figure 7i, there are many gust wind outliers at the 92 AWSs for the 0–45◦ wind
direction, and these outliers are more than 20 ms−1. The 0–45◦ wind direction is the typical direction
across the Shenzhen area when there is a tropical cyclone over the South China Sea in the southwest
direction relative to Shenzhen. In the 0–45◦ direction, severe gust winds mainly occur along the
southeast coast (Figure 7a). The second and third worst cases are the 270–315◦ and 315–360◦ wind
directions, respectively. These are the two typical wind directions in Shenzhen when experiencing cold
fronts in winter and spring. Figure 7g,h shows that the southeast coast suffers the most. When the
dominant wind direction is 270–315◦, the entire Shenzhen region experiences strong gust winds,
including the west coast and inland areas (see Figure 7g,i).

As seen from Figures 4–7, the wind direction has an obvious influence on the spatial distribution
of wind speed. This finding is consistent with some previous studies that suggest a strong coherence
between the wind speed distribution and wind direction [20,57]. These findings may be helpful to the
local government and authorities in decision making for wind disaster prevention and mitigation.

3.2.3. Trend Analysis

The trends of the yearly and seasonal mean of the avg-wind speeds and gust wind speeds at
each AWS were analyzed by the Sen’s slope method and the Mann–Kendall test (Table 3). As seen in
Table 3, the wind speed in Shenzhen is mainly decreasing. More than 90% of AWSs have decreasing
trends in the annual mean of avg-wind and gust wind. Approximately 70% of these decreasing trends
are statistically significant. Seasonally, the trends are different from each other. The wind decrease in
spring is relatively severe, followed by autumn. In spring and autumn, 95% (98%) and 89% (91%) of the
stations have decreasing trends in avg-wind (gust wind). The percentages of the significant decreasing
trends in avg-wind (gust wind) for spring and autumn are 63% (64%) and 50% (47%), respectively.
In summer and winter, more than 75% of AWSs also have decreasing trends, but the percentage of
stations with significant decreasing trends in wind speed is much less than that in spring and autumn.
It is worth noting that there is only one AWS with a significant increasing trend in avg-wind in spring
and winter.

Table 3. Sen’s slope (SS) and the trends in the annual mean and the seasonal mean of the avg-wind
and gust wind at all 92 AWSs in Shenzhen. The first number in parentheses refers to the percentage
of AWSs with decreasing (or increasing) trends, and the second number in parentheses refers to the
percentage of AWSs with statistically significant (p-value <0.05) trends.

Wind Season Mean SS (m s−1/Year) Decreasing Number (Percent) Increasing Number (Percent)

Avg-wind

annual −0.04 85 (92%, 70%) 7 (8%, 0%)
spring −0.05 87 (95%, 63%) 5 (5%, 1%)

summer −0.02 72 (78%, 24%) 20 (22%, 0%)
autumn −0.04 82 (89%, 50%) 10 (11%, 0%)
winter −0.03 78 (85%, 35%) 14 (15%, 1%)

Gust wind

annual −0.06 85 (92%, 67%) 7 (8%, 0%)
spring −0.09 90 (98%, 64%) 2 (2%, 0%)

summer −0.03 70 (76%, 14%) 22 (24%, 0%)
autumn −0.07 84 (91%, 47%) 8 (9%, 0%)
winter −0.04 76 (83%, 18%) 16 (17%, 0%)

Figure 8 shows the spatial distribution of the seasonal trend of the avg-wind at the 92 AWSs.
The stations with significant decreasing trends are denoted by blue dots, while the station with a
significant increasing trend is denoted by a red star. Otherwise, the stations with insignificant trends
are in gray. The distribution of the AWSs with significant trends is relatively uniform. Figure 8 shows
that the Sen’s slopes of avg-wind trends at most of the AWSs range from −0.1 ms−1/year to 0 ms−1/year
with a mean value of approximately −0.06 ms−1/year.
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The above results show that the wind is decreasing at most of the AWSs in Shenzhen. This finding
is consistent with the conclusion that there has been a decreasing trend in the mean wind speed in China
for the past few decades [17,22]. Some previous studies have suggested that under the background
of climate change, the lower-tropospheric wind is weakening [17,22]. This may be the reason for
the universal mean wind speed decrease in China. To determine why wind speeds are declining in
the study area, the ERA-Interim reanalysis data from 2009 to 2018 were analyzed. For ERA-Interim
reanalysis data with a spatial resolution of approximately 80 km, four points that cover or are close to
the Shenzhen area were chosen to explore the tropospheric variation during the study period. The four
points are (113.906◦ E, 22.105◦ N), (113.906◦ E, 22.807◦ N), (114.609◦ E, 22.105◦ N), and (114.609◦ E,
22.807◦ N). Figure 9 shows the wind variations in these four points at 925 hPa and 850 hPa. As seen
from the figure, no point shows a significant decreasing trend in the annual mean wind speeds at
925 hPa and 850 hPa over the study area. Over the past several decades, Shenzhen has experienced
rapid development and large changes in land use and land cover [58,59]. This rapid urbanization
development in Shenzhen has led to an increase in the surface roughness of the city and therefore
resulted in a decrease of the mean wind in the area [60].

3.3. Gust Factor

Gust factor (GF) is a measure of gustiness and is sensitive to the mean wind speed. According to
the method mentioned in Section 2.2.2, the GFs of the 92 AWSs are stratified into three bins according
to the wind force of their mean wind (i.e., avg-wind). Figure 10 shows the distributions of the average
GFs for the three bins. The data sizes of these bins account for 95.42%, 4.53%, and 0.05% of the total
data, respectively. As 13.8 ms−1 is a relatively high speed for avg-wind, only 70 AWSs appear in the
strong wind bin. Figure 10a–c shows similar spatial distributions. The GFs in the coastal areas are
generally lower than those in the inland areas. On the other hand, there are also some discrepancies in
Figure 10a–c. For example, the GFs in northwestern Shenzhen and the central west inland are high
in Figure 10a; however, GFs in northwestern Shenzhen are low in Figure 10c. As seen in Figure 2a,
northwestern Shenzhen is the area with the lowest avg-wind. Since the strong wind bin only includes
the data samples larger than 13.8 ms−1, there should be very few data in northwestern Shenzhen in
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Figure 9c. This is why GF patterns in northwestern Shenzhen are different in Figure 10a–c. Generally,
the maximum GFs appear in the central west inland, most of which are between 1.8 and 2.3. In contrast,
the range of most GFs in the northeast inland is [1.7, 2.0], while the range of GFs along the coastal area
is [1.4, 1.8]. The distribution pattern of GFs in Figure 10 seems to be the opposite of the distribution of
yearly average wind speed, as presented in Figure 2.
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Figure 9. Time series of the annual mean wind speeds at 925 hPa and 850 hPa at four points that
cover or are close to the Shenzhen area. (a) Point 113.906◦ E, 22.105◦ N at 850 hPa; (b) point 113.906◦

E, 22.807◦ N at 850 hPa; (c) point 114.609◦ E, 22.105◦ N at 850 hPa; (d) point 114.609◦ E, 22.807◦ N at
850 hPa; (e) point 113.906◦ E, 22.105◦ N at 925 hPa; (f) point 113.906◦ E, 22.807◦ N at 925 hPa; (g) point
114.609◦ E, 22.105◦ N at 925 hPa; and (h) point 114.609◦ E, 22.807◦ N at 925 hPa.
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Figure 10. Spatial distribution of the gust factors for three wind force bins based on avg-wind, (a) weak
wind bin: no more than force 3; (b) medium wind bin: force 4 to 6; (c) strong wind bin: greater than
force 6; (d) box plots of the GFs for three bins.

As seen from Figure 10d, the mean values of GFs for the three bins are 1.92, 1.82, and 1.79, and the
median values of GFs are 1.90, 1.81, and 1.80, respectively. The GFs tend to decline with increasing
mean wind speed, which agrees with some previous studies [61,62].
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3.4. Spatial Wind Characteristics

The monthly means of the avg-wind data of the AWSs from 2009 to 2018 in Shenzhen were first
interpolated into gridded data and then analyzed by the EOF method. The leading two EOF modes
can explain most of the total variance of the monthly mean of the avg-wind speed. The first EOF mode
(Figure 11a) explains 48% of the total variance. High values of the spatial pattern appear along the
southeast coast, northwest corner, and central-south mountain area, which are similar to the pattern of
the annual mean of avg-wind. In addition, nearly all the values are positive, thereby indicating that all
the AWSs have synchronized wind speed changes in this pattern. In terms of the corresponding time
coefficients (Figure 11c), there exists a significant decreasing (p < 0.05) trend. These results suggest that
the avg-wind speeds are decreasing in the whole area, which is in accordance with the results of the
trend analysis.

Sustainability 2020, 12, x FOR PEER REVIEW 17 of 21 

can explain most of the total variance of the monthly mean of the avg-wind speed. The first EOF 
mode (Figure 11a) explains 48% of the total variance. High values of the spatial pattern appear along 
the southeast coast, northwest corner, and central-south mountain area, which are similar to the 
pattern of the annual mean of avg-wind. In addition, nearly all the values are positive, thereby 
indicating that all the AWSs have synchronized wind speed changes in this pattern. In terms of the 
corresponding time coefficients (Figure 11c), there exists a significant decreasing (p < 0.05) trend. 
These results suggest that the avg-wind speeds are decreasing in the whole area, which is in 
accordance with the results of the trend analysis. 

 
Figure 11. The first (a) and second (b) empirical orthogonal function (EOF) modes of the monthly 
mean avg-wind speed; the time coefficients corresponding to the first (c) and second (d) EOF modes; 
and the monthly mean of the time coefficients of the first (e) and second (f) EOF modes. 

The second EOF mode (Figure 11b) explains 28% of the total variance. The values in the central-
southern mountain area and in the southeastern and northwestern corners are positive. In contrast, 
most of the values in western Shenzhen are negative. The time coefficients for the second EOF mode, 
presented in Figure 11d, show a distinct annual cyclical change. Figure 11f shows that the coefficients 
are positive in autumn and winter and negative in spring and summer. Therefore, the results of the 
second EOF mode indicate that the avg-wind tends to be greater in the western area in spring and 
summer and the opposite in autumn and winter. 

4. Conclusions 

This study examines the spatiotemporal characteristics of the near-surface wind by using high 
spatial resolution data over Shenzhen from 2009 to 2018. The results show that the large-scale 
atmospheric circulation, local topographic factors, and human activities have combined to shape the 
intricate patterns of the near-surface winds in Shenzhen. 

Wind is stronger along the coastal area than inland, and wind is generally stronger in eastern 
Shenzhen than in western Shenzhen. The GF tends to decline with increasing wind speed, and the 
spatial distribution of GFs is almost the opposite of the wind speed distribution. The GFs along the 
coastal area are concentrated in [1.4, 1.8], while the GFs in the central-western inland area are between 
1.8 and 2.3, and the GFs in the northeastern inland area are concentrated in [1.7, 2.0]. 

Dominated by the large-scale atmospheric circulation, the near-surface wind field in Shenzhen 
has significant seasonal variation characteristics, which can be classified into two patterns, spring–
summer type and autumn–winter type. The transitions between the two patterns occur in 
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The second EOF mode (Figure 11b) explains 28% of the total variance. The values in the
central-southern mountain area and in the southeastern and northwestern corners are positive.
In contrast, most of the values in western Shenzhen are negative. The time coefficients for the second
EOF mode, presented in Figure 11d, show a distinct annual cyclical change. Figure 11f shows that
the coefficients are positive in autumn and winter and negative in spring and summer. Therefore,
the results of the second EOF mode indicate that the avg-wind tends to be greater in the western area
in spring and summer and the opposite in autumn and winter.

4. Conclusions

This study examines the spatiotemporal characteristics of the near-surface wind by using high
spatial resolution data over Shenzhen from 2009 to 2018. The results show that the large-scale
atmospheric circulation, local topographic factors, and human activities have combined to shape the
intricate patterns of the near-surface winds in Shenzhen.

Wind is stronger along the coastal area than inland, and wind is generally stronger in eastern
Shenzhen than in western Shenzhen. The GF tends to decline with increasing wind speed, and the
spatial distribution of GFs is almost the opposite of the wind speed distribution. The GFs along the
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coastal area are concentrated in [1.4, 1.8], while the GFs in the central-western inland area are between
1.8 and 2.3, and the GFs in the northeastern inland area are concentrated in [1.7, 2.0].

Dominated by the large-scale atmospheric circulation, the near-surface wind field in Shenzhen has
significant seasonal variation characteristics, which can be classified into two patterns, spring–summer
type and autumn–winter type. The transitions between the two patterns occur in approximately March
and September. In spring and summer, the prevailing wind directions are mainly southerlies, while the
prevailing wind directions are northerlies in autumn and winter.

The annual and seasonal mean wind speeds tend to decrease at most of the stations in Shenzhen,
especially the spring wind. During the past ten years, the annual mean surface avg-wind speed has
decreased by approximately 0.4 ms−1. Since there is no significant downward trend in the wind
speed of the troposphere aloft over Shenzhen, the decrease in the surface wind is mainly due to the
urbanization development.
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