
Spatiotemporal variation in relative 
humidity in Guangdong, China, from 1959 
to 2017 
Article 

Published Version 

Creative Commons: Attribution 4.0 (CC-BY) 

Open Access 

Liu, Z., Yang, H. ORCID: https://orcid.org/0000-0001-9940-
8273 and Wei, X. (2020) Spatiotemporal variation in relative 
humidity in Guangdong, China, from 1959 to 2017. Water, 12 
(12). 3576. ISSN 2073-4441 doi: 
https://doi.org/10.3390/w12123576 Available at 
https://centaur.reading.ac.uk/95930/ 

It is advisable to refer to the publisher’s version if you intend to cite from the 
work.  See Guidance on citing  .

To link to this article DOI: http://dx.doi.org/10.3390/w12123576 

Publisher: MDPI 

All outputs in CentAUR are protected by Intellectual Property Rights law, 
including copyright law. Copyright and IPR is retained by the creators or other 
copyright holders. Terms and conditions for use of this material are defined in 
the End User Agreement  . 

www.reading.ac.uk/centaur   

CentAUR 

http://centaur.reading.ac.uk/71187/10/CentAUR%20citing%20guide.pdf
http://www.reading.ac.uk/centaur
http://centaur.reading.ac.uk/licence


Central Archive at the University of Reading 
Reading’s research outputs online



water

Article

Spatiotemporal Variation in Relative Humidity in
Guangdong, China, from 1959 to 2017

Zhanming Liu 1, Hong Yang 1,2,* and Xinghu Wei 1

1 Research Center for Ecological Civilization Construction and Sustainable Development in Xijiang & Beijiang
River Basin of Guangdong Province, Foshan University, Foshan 528000, China;
liuzhanminglzm@163.com (Z.L.); weixinghu1964@163.com (X.W.)

2 Department of Geography and Environment Science, University of Reading, Reading RG6 6AB, UK
* Correspondence: hongyanghy@gmail.com or h.yang4@reading.ac.uk

Received: 16 September 2020; Accepted: 15 December 2020; Published: 20 December 2020 ����������
�������

Abstract: Despite the marked influence of relative humidity (RH) on ecosystems and human society, the
spatiotemporal pattern of RH is far from clearly understood. This study analyzed the spatiotemporal
variation in RH in Guangdong Province, South China, in the period of 1959–2017. The RH data were
collected from 74 national standard meteorological stations. The spatiotemporal variation in RH was
evaluated using rotate empirical orthogonal function (REOF) zoning, Mann–Kendall test, and wavelet
transform methods. Based on the REOF decomposition situation of monthly RH field, Guangdong
was divided into six subareas. The annual mean of RH in the whole province was 78.90%. In terms of
spatial variation, overall annual mean RH decreased from southwest to northeast in the province.
Temporally, annual mean RH showed a declining trend in the last six decades. Particularly, the RH
in the Pearl River Delta area declined at the rate of 1.349%/10a. Mann–Kendall tests showed that
mutation points of annual mean RH mostly appeared in the 1990s, especially in the early 1990s.
Continuous wavelet transforms of annual mean RH displayed that inland subareas have similar
cycle characteristics, and the east coast and Pearl River Delta have no significant period in most time
domains. The results provide new understanding of RH variation in the last six decades in South
China, which is valuable for detecting climate change, monitoring hazardous weather, and predicting
future environmental change.

Keywords: relative humidity; climate change; spatiotemporal variation; REOF decomposition
method; Guangdong, China

1. Introduction

As an important component of global water cycle, water vapor in the lower troposphere is the
main source of atmospheric precipitation. In addition, water vapor is one of greenhouse gases in the
atmosphere, and it accounts for approximately 50% of atmospheric greenhouse effect [1]. The prediction
of multiple climate models suggests that the content of water vapor in the atmosphere will increase
due to global warming, and the increased water vapor will exacerbate global warming because of the
enhanced greenhouse effect, thereby forming the enhanced vicious feedback. Moreover, it is considered
the main reason for the increase of precipitation in the middle and high latitudes in the world [2,3].

Specific humidity and relative humidity (RH) are widely used to reflect the content of water vapor
in the atmosphere. RH is the ratio of the actual amount of water vapor in the atmosphere to the amount
of water vapor that the air can maintain at a certain temperature [4]. RH can directly affect the growth
of plants and the comfort level of humans [5–7]. In addition, RH is more suitable for analyzing the
feedback of climate change [8,9]. RH is one of main factors affecting atmospheric particle concentration
and aerosol radiation characteristics, further affecting air quality and visibility [10–14]. Some studies
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show that the research on RH change is helpful to understand the formation of fog, haze, and the
generation of Particulate Matter 2.5 (PM2.5) [15–17]. It has also been found that RH in some rapid
urbanization areas has declined significantly [18–21]. Some scholars think that the outbreak and spread
of some diseases, for example, COVID-19 [22,23], influenza [24,25], hand-foot-mouth disease [26,27],
dengue [28], potato blight [29], and senile disease [30], are closely related to RH [31].

Globally, studies indicate that RH has generally decreased in the United States [32], Canada [33],
Poland [34], Spain [35], Switzerland [36], Northern Ireland [29], Nigeria [37], Taiwan of China [38],
and other countries or regions in recent decades. In the fifth assessment report of the Intergovernmental
Panel on Climate Change (IPCC), the reanalysis data in last 15 years indicate a declining trend of RH
in the middle and low latitudes [39]. In the meantime, some observation data of RH show a rising
trend in Bulgaria [40] and Iran [41].

The research on RH in China showed a declining trend in many areas, but there was spatiotemporal
variation [42]. For example, RH showed a declining trend after 2000–2001 in most areas of northwest
China, the Qinghai-Tibet Plateau, and southwest China, but a rising trend before 2000–2001. The change
velocities are also different. The declining velocity of RH after 2000–2001 was obviously larger than the
rising velocity before 2000–2001 [43–45]. Similarly, RH generally showed a declining trend in northeast
China [46], north China [44] and the Yangtze River Delta [47] in recent decades.

Comparatively, the spatiotemporal variation in RH in South China in the last decades is far from
clearly understood. Guangdong is a province in South China (Figure 1), with a large population
and rapid economy development, and also dramatic environmental change, particularly since the
Reform and Opening Up policy in late 1970s [48,49]. There are some studies on temperature [50],
precipitation [51], drought and flood [52], and evaporation [53] in Guangdong, but little is known
about RH in the region, especially the long-term trend of RH. Meanwhile, with the improvement of
living standards, people are more sensitive to the comfort level of life [54]. To fill the knowledge gap,
this research studied the spatiotemporal variation in RH in Guangdong in the last six decades, based on
the results of rotate empirical orthogonal function (REOF) zoning, Mann–Kendall test, and wavelet
transform methods. The main aims of the research are to (1) estimate the spatiotemporal variations in
RH in Guangdong Province during the research period; (2) determine the mutation points of yearly
RH in the different subareas; and (3) analyze the cycle characteristics of RH in the region. The results
are helpful to expand the understanding of the water cycle and climate change and to improve the
management of water resources.
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In addition, this study attempts to explore the following questions: Is there significant spatial
difference in RH between the areas with different economic development levels (the developed Pearl
River Delta and the less developed the rest of Guangdong province)? Is there significant spatial
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difference in RH between different geographical areas (the southern coastal area and the northern and
northwestern inland areas)? Has the RH in Guangdong province been influenced by the Reform and
Opening Up policy?

2. Data Source and Analysis

2.1. Study Area

Guangdong Province is located in the southernmost part of mainland China (20◦13′ N∼25◦31′ N,
109◦39′ E∼117◦19′ E) (Figure 1), with a total land area of 179,800 km2. Terrain in Guangdong is high
in the north and low in the south. The north, northeast, and west are mainly mountainous areas,
while the central and southern coastal areas are mostly low hills, platforms, and plains. Dongjiang River,
Xijiang River, and Beijiang River converge to form the Pearl River in southcentral Guangdong, and the
Pearl River Delta plain is formed in the area. Notably, the Pearl River Delta plain is one of the most
developed areas in China. In addition, Hanjiang River is the main river in the southeast Guangdong.

Guangdong Province is in the monsoon climate zone, with central subtropical, south subtropical,
and tropical climates from north to south. It is one of the regions with the most abundant light, heat,
and water resources in China. With a permanent population of about 115.21 million by the end of
2019, it is by far one of the most populous provinces in China. Since 1989, Guangdong has ranked first
in GDP of all Chinese provinces, accounting for about 1/8th of the country’s total economic output
in 2019.

2.2. Data

This study analyzed monthly mean data of RH from 86 national standard meteorological stations in
Guangdong, which were coordinated by the National Climate Center (NCC) of the China Meteorological
Administration (CMA). All data were screened before analysis. According to the principle of consistent
length and relatively uniform distribution, data from 74 stations in the period January 1959–December
2017 were selected for this research. Despite some missing observation data in six stations, they were less
than 0.3% of total data in each station. The missing data were replaced by the averages of neighboring
months and this gap filling method had little influence on the result [55]. The data were checked with
strict quality control and three aspects inspection (reliability, consistency, and representativeness),
and all showed good integrity.

2.3. Data Processing Method

2.3.1. Rotate Empirical Orthogonal Function (REOF) Decomposition

Considering the spatial variation in RH, the rotate empirical orthogonal function (REOF)
decomposition method [56] was applied to divide Guangdong into different subareas. REOF can
decompose the feature field and make the maximum variance rotation based on the empirical orthogonal
function (EOF) [57]. In the spatial fields created by the REOF decomposition method, high load values
are often concentrated in a small area, and the division of spatial structure is clearer than the EOF
method [58].

2.3.2. The Linear Trend Estimation

The linear trend estimation [59] was applied to evaluate the spatiotemporal variation in RH of
Guangdong from 1959 to 2017. Linear tendency estimation can be conducted as follows:

yi = a + b × ti (1)
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where yi is RH, ti is the corresponding time, and i is RH sequence. Coefficients a and b are estimated by
the least square method. Regression coefficient b can reflect the change trend of RH. b > 0 indicates an
increasing trend, while b < 0 suggests a decreasing trend.

2.3.3. The Mann–Kendall Trend Test

The Mann–Kendall method proposed by Mann and Kendall [60] is a non-parametric statistical
test method based on rank. The Mann–Kendall method does not require the sample to follow a
certain distribution and is not interfered with by a few outliers. It is also one of the effective methods
of time series trend analysis, showing good performance to reveal overall trends of time series
evolution and abrupt changes [61,62]. At present, it has been widely used in the analysis of the time
series of hydrological and meteorological elements, and recommended by the World Meteorological
Organization (WMO) [63].

Inspection Statistics

Inspection statistics (S) is defined by the non-parametric Mann–Kendall trend test as follows:

S =
n∑

i=2

i−1∑
j=1

Sign (Di −D j) (2)

where i , j, and i, j ≤ n. Sign ( ) is a Sign function. When Di − Dj is <, =, or > 0, Sign (Di − Dj) is −1, 0,
or 1, respectively. For the long time series (n > 10), the statistic Z is calculated as follows:

Z =


(S− 1)/

√
n(n− 1)(2n + 5)/18 S > 0

0 S = 0
(S + 1)/

√
n(n− 1)(2n + 5)/18 S < 0

(3)

when Z > 0, the time series shows an increasing trend. When Z < 0, the time series represents a
decreasing trend. When |Z| ≥ 1.28, 1.64, or 2.32, it means that the discriminant results have passed the
significance test with the reliability of 90%, 95%, or 99%, respectively [61,62].

Detection of Mann–Kendall Mutation

Time series D2, D3, . . . , and Dn construct an orderly column ri; ri represents the sample
accumulation number of Di > Dj (1 ≤ j ≤ i). The rank series (Sk) is calculated as follows:

Sk =
k∑

i = 1

ri(k = 2, 3, . . . , n) (4)

where when Di > Dj, ri = 1; when Di ≤ Dj, ri = 0 (j = 1, 2, . . . , i). The expected value E(Sk) of Sk and its
sequence variance Var(Sk) are defined as follows:

E(Sk) = n(n + 1)/4 (5)

Var(Sk) = n(n− 1)(2n + 5)/72 (6)

The data sequence is considered independent, and the test statistics (UFk) are calculated as follows:

UFk =
Sk − E(Sk)√

Var(Sk)
(k = 1, 2, . . . , n) (7)

UFk obeys the standard normal distribution and gives a significance level α. The critical value Uα

can be obtained by looking up the standard normal distribution table. For example, when α is 0.05,
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its critical value Uα = ±1.96; when | UFk | > | Uα |, the time series has a significant increase or decrease
trend. The UFk points over the study period are plotted as a curve to determine whether they have an
increasing or decreasing trend. The reverse sequence calculation of the above steps was conducted.
The result was multiplied by −1 to obtain the new time series UBk. UFk and UBk sequence diagrams
were drawn. When UFk > 0, the sequence is an increasing trend; when UFk < 0, the sequence is a
decreasing trend. When UFk exceeds the critical value, the increasing or decreasing trend reaches the
significant level. When the UFk and UBk two curves intersect, the intersection point is the beginning of
mutation [61,62].

This study found that the autocorrelation of the time series of hydrological and meteorological
elements had an impact on the M–K test results. Therefore, the autocorrelation of the relative humidity
time series was tested before the M–K test, and the influence of significant correlation was eliminated
by the means of variance correction [64,65].

2.3.4. Continuous Wavelet Transform (CWT)

Continuous wavelet transform (CWT) [66] was adopted to analyze the multi-scale periodic
characteristics of each RH series. Morlet wavelet was selected as the basic wavelet, and was calculated
as follows:

Ψ(t) = eiω0te−t2/2 (8)

where ω0 is a constant. When ω0 is ≥ 5, Morlet wavelet satisfies the permissibility condition. t is the
time variable.

Continuous wavelet transform (CWT) was developed based on Fourier transform [66]. It adopted
variable size and movable change window for spectrum analysis, which can obtain time-frequency
coupling characteristics of data series, and became an effective tool for analyzing time series [67,68].
To eliminate the effect of internal circulation, low-pass filtering [69] was applied to filter out the
variability less than two years before wavelet transform of each RH time series.

2.3.5. Kriging Interpolation

Kriging interpolation was applied for the interpolation of the spatial distribution of RH. Kriging
interpolation, based on regional variables and centered on variogram, can make full use of the spatial
location information of sample points [70]. In recent years, the Kriging interpolation method has been
widely applied in hydrology and meteorology [71].

All the data analyses were conducted using Matlab 2014a (MathWorks, Natick, MA, USA) and
maps were created using ArcGIS 10.2 (ESRI Inc., Redlands, CA, USA).

3. Results

3.1. REOF Zoning

Monthly RH field was decomposed by the REOF method, the first 6 eigenvectors were taken
for rotation, and cumulative contribution of explanatory variance reached 95.2% (Table 1). The first
6 spatial types can reflect spatial distribution characteristics of RH in Guangdong. Spatial distribution
of load value of each rotation factor was shown in Figure 1. According to the spatial distribution
of high load value of each rotation factor, Guangdong was divided into 6 subareas: (1) the western
coastal subarea (Figure 2a), mainly including Leizhou Peninsula and the west coast (Wuchuan,
Gaozhou, Yangjiang, and Shangchuan Island); (2) the Pearl River Delta subarea (Figure 2b),
including Guangzhou, Shenzhen, Zhuhai, Zhongshan, and Taishan; (3) the eastern coastal subarea
(Figure 2c), including Chaozhou, Jieyang, Shantou, Shanwei, and Nan’ao Island; (4) the western inland
subarea (Figure 2d), including Huaiji, Deqing, Xinxing, and Xinyi; (5) the eastern inland subarea
(Figure 2e), including Meixian, Heyuan, and Longchuan; and (6) the northern inland subarea (Figure 2f),
including Shaoguan, Lianzhou, and Qingyuan.
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Table 1. Variance contribution and cumulative variance contribution of the first 6 eigenvectors of rotate
empirical orthogonal function (REOF).

Component 1 2 3 4 5 6

Variance contribution (%) 22.8 20.7 16.4 15.1 13.6 6.5
Cumulative variance contribution (%) 22.8 43.5 59.9 75.1 88.7 95.2Water 2020, 12, x FOR PEER REVIEW 6 of 20 
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Figure 2. Spatial distribution of the first 6 modal loads of monthly relative humidity (RH) according to
rotate empirical orthogonal function (REOF) in Guangdong. The high load value regions in figures
(a–f) represent the western coastal subarea, the Pearl River Delta subarea, the eastern coastal subarea,
the western inland subarea, the eastern inland subarea and the northern inland subarea, respectively.

3.2. Annual Mean RH and Variation Trend in Each Subarea

Annual mean RH in the whole province was 78.90% (Table 2). There are some spatial variations
between subareas. Annual mean RHs in the western inland and western coastal subarea were all more
than 80%, followed by the eastern coastal subarea (78.81%), while annual mean RHs in other subareas
were between 77.5% and 78.0%.
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Table 2. Annual mean, linear trend, and Mann–Kendall (M–K) statistics of RH in all subareas and the
whole Guangdong province.

Subarea
Eastern
Inland

Subarea

Eastern
Coastal
Subarea

Western
Inland

Subarea

Western
Coastal
Subarea

Northern
Inland

Subarea

Pearl River
Delta

Subarea

The Whole
Province

Annual
mean (%) 77.58 78.81 80.28 81.37 77.51 77.85 78.90

Linear
trend

(%/10a)
−0.452 −0.868 −0.469 −0.207 −0.350 −1.349 −0.678

M-K
statistics −2.91 −4.57 −3.13 −1.92 −2.71 −6.73 −4.42

Annual mean RH in all subareas showed a declining trend. Mean linear trend (decline rate) in the
whole province was −0.678%/10a. The largest decline rate (−1.349%/10a) was in the Pearl River Delta
subarea, followed by the eastern coastal subarea (−0.868%/10a), and decline rates in other subareas
were between −0.20%/10a and −0.50%/10a. The Mann–Kendall test indicated the declining trend in all
subareas passed the 95% level of significance (MK < −1.96, Table 2), with the exception of the western
coastal subarea.

3.3. Monthly Mean RH and Variation Trend in Each Subarea

Monthly mean RH variation was similar in the eastern inland, western inland, northern inland
and the Pearl River Delta subareas (Figure 3a). There were two RH peaks in one year, the first one
(also the maximum) in June and the second one in August.Water 2020, 12, x FOR PEER REVIEW 9 of 20 
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Figure 3. Mean (a) and linear trend (b) of RH in each month in each subarea in Guangdong. The letters
denote names of the subareas. EIS is the eastern inland subarea; ESC is the eastern coastal subarea;
WIS is the western inland subarea; WCS is the western coastal subarea; NIS is the northern inland
subarea; and PRDS is the Pearl River Delta subarea.

Monthly mean RH gradually increased from January to June, peaked in June, and then gradually
declined, with a single peak, in the eastern coastal subarea.

Monthly mean RH in the western coastal subarea increased gradually from January to April,
with peak (also the maximum) in April, fluctuated between April and August, and then declined
after August.

In each subarea, the minimum and the sub low value appeared in December and
November, respectively.

In January, RH values were close in the western inland subarea (77.31%) and western coastal
subarea (77.83%), and they were obviously higher than those in the other four subareas (72–74%).
During February–April, RH in the western coastal subarea was also higher markedly than other
subareas. The monthly maximum variability was calculated as the difference between monthly highest
RH and monthly lowest RH. The order of the monthly maximum variability of RH was as follows:
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Pearl River Delta (15.16%) > eastern coastal subarea (14.15%) > western coastal (12.36%) > northern
inland subarea (11.67%) > eastern inland (10.68%) > western inland subarea (9.05%).

In terms of the RH variation trend in each month in the subareas (Figure 3b), decreases of RH were
slower in the western coastal subarea, but quicker in the eastern coastal and Pearl River Delta subareas.
Decline rates of RH in the eastern coastal subarea exceeded 1.25%/10a in three months (September,
October, and December). In the Pearl River Delta, decline velocities of RH all exceeded 1.0%/10a except
in January (0.703%/10a). Comparison between months indicate that RH declined slowly or even rose
slightly in January. For example, RH rose slowly in the western coastal (0.342%/10a), northern inland
(0.103%/10a), and western inland subarea (0.057%/10a) in January. Other than the western coastal
subarea, RH declined quickly in all subareas in September, October, and December. Especially in the
Pearl River Delta, decline rates of RH exceeded 1.98%/10a. In the western coastal subarea, there was
little difference in decline velocity of RH from February to November (0–0.45%/10a), while RH declined
much more quickly in December (0.815%/10a).

3.4. Mutation Analysis

The Mann–Kendall test of annual mean RH in each subarea was also conducted (Figure 4). Table 3
shows the statistics of mutation year, and the significant variation trend and the corresponding periods
are shown in Figure 4. When the variation trend of annual mean RH passed the 95% significance level
in all subareas, the periods appeared during 2000–2017, and they were all decline trends. Most of
the mutations occurred in the 1990s, especially the early 1990s. For example, mutations in the Pearl
River Delta, western inland, northern inland, and eastern coastal subarea occurred in 1990, 1991, 1992,
and 1994, respectively.
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Figure 4. Mann–Kendall test of average annual RH in eastern inland subarea (a), eastern coastal subarea
(b), western inland subarea (c), western coastal subarea (d), northern inland subarea (e), and Pearl
River Delta subarea (f). UF is forward data sequence Mann–Kendall statistics, and UB is reverse data
sequence Mann–Kendall statistics.
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Table 3. Mutation time and significant variation trend of RH based on Mann–Kendall test.

Subarea
Eastern
Inland

Subarea

Eastern
Coastal
Subarea

Western
Inland

Subarea

Western
Coastal
Subarea

Northern
Inland

Subarea

Pearl River
Delta

Subarea

Mutation time
(year) 1999 1994 1991 1986 1992 1990

Significant
period 2010–2016 2011–2015 2007–2016 2004–2015 2013–2014 2000–2017

Variation
trend decline decline decline decline decline decline

3.5. Continuous Wavelet Transform Analysis

To analyze the main oscillation cycle and corresponding period, continuous wavelet transform of
annual mean RH in each subarea was conducted (Figure 5). To eliminate the effect of internal circulation,
low-pass filtering [69] was applied to filter out the variability less than two years before wavelet
transform of each time series. Table 4 shows the statistics of significant cycle and the corresponding
periods are shown in Figure 5. There were some similarities in time and frequency domains in the
eastern inland, western inland, and northern inland subarea. For example, there were 2.1–3.3 years of
significant oscillation period in the 1970s, and 2.0–3.5 years of significant oscillation period during
2008–2015. Time and frequency domains in the eastern coastal subarea were similar to those in the
Pearl River Delta. Most of the time domain had no significant period, while there were only 2–3 years
of a significant oscillation period around 2010. Different from other subareas, significant frequency
and time domains were continuous in the western coastal subarea, but the range of frequency domain
changed constantly. In the whole range of time domain, there were generally 2–4 years of a significant
oscillation period. During 1996–2007, there also existed 4–5 years of a significant oscillation period.
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Figure 5. Continuous wavelet transform of annual mean RH in eastern inland subarea (a), eastern coastal
subarea (b), western inland subarea (c), western coastal subarea (d), northern inland subarea (e),
and Pearl River Delta subarea (f). (The closed areas of the black thick coils passed the standard red
noise test at 95% confidence level. The square cone areas below the black thin solid lines were the cone
of influence (COI) areas, and they were the areas where the edge effect of the wavelet transform data
were more significant.)
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Table 4. Significant oscillation cycles and corresponding periods of continuous wavelet transforms of
annual mean RH in each subarea in Guangdong.

Subarea Significant
Cycles (a)

Corresponding
Periods Subarea Significant

Cycles (a)
Corresponding

Periods

Eastern inland
subarea

2∼3.5 1969–1979
Eastern coastal

subarea
2.1∼2.3 2008–20112.3∼4.5 1992–2001

2∼3.7 2007–2013

Western inland
subarea

2.1∼3.5 1969–1980
Western coastal

subarea

2∼4 1964–2015
3.5∼4.5 1997–2004 4∼5.1 1996–2007

2∼4 2008–2015

Northern
inland subarea

2.1∼3.3 1968–1979
Pearl River

Delta subarea
2∼3 2009–2014

2.3∼2.7 1985–1990
2.7∼4.5 1992–2008
2∼3.5 2008–2015

3.6. Spatial Difference of Annual Mean RH and Variation Trend in Whole Province

Figure 6a shows the spatial distribution of annual mean RH in Guangdong. Overall, it decreased
from southwest to northeast. The highest annual mean RH was in Leizhou Peninsula (82.0–84.0%).
The second highest annual mean RH appeared in the north of Leizhou Peninsula (Lianjiang, Wuchuan,
and Dianbai) and the northwest of Guangdong (Fengkai and Deqing), between 80.5% and 82.0%. In the
north of Guangdong (Shaoguan, Liaozhou, and Qingyuan), the northeast of Guangdong (Meixian,
Heyuan, and Huiyang), the north (Shunde and Guangzhou) and the east (Shenzhen and Dongguan) of
the Pearl River Estuary, the annual mean RH was smaller (75.0–78.5%). In other regions, annual mean
RH was between 78.5% and 80.5%.
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Figure 6b reflects the spatial distribution of linear trends of annual mean RH in Guangdong.
Overall, annual mean RH showed a declining trend in most stations. Particularly, annual mean RH
in the Pearl River Delta and the Hanjiang River Delta (Chaozhou, Shantou, and Jieyang) declined
quickly, with the linear trends between −1.0%/10a and −2.0%/10a. In the northeast of Guangdong
(Meixian, Fengshun, and Heyuan), the north-central Guangdong (Yingde, Qingyuan, and Guangning),
and the south-central Guangdong (Enping and Taishan), the linear trends were between −0.5%/10a
and −1.0%/10a. In other regions, linear trends were between 0 and −0.5%/10a. Annual mean RH only
showed a rising trend in very few stations (Gaozhou, Shaoguan, Renhua, and Dabu), with the rates of
lower than 0.3%/10a.

4. Discussion

As an important meteorological factor, RH influences the plant growth and human living
environment. In addition, RH plays an important role in climate change and air quality. As one of the
most rapidly developed areas in China, the environment in Guangdong has also changed dramatically
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in the last decades [72]. It is of great significance to research the spatiotemporal variation in RH
in Guangdong.

4.1. Large Annual Mean RH in Guangdong

In this study, annual mean RH in Guangdong was 78.90% during the research period. There were
some differences between subareas, from 77.51% to 81.37%. Comparatively, annual mean RH in
Guangdong was higher than those in other regions of China, such as 60% in semiarid area of the
west Jilin [73], 67.5% in Shandong [74], 66.44% in southwest inland region [45], and 76% in west
Hubei [75]. The higher annual mean RH in Hubei is mainly because of the location of Guangdong,
in the south coast of China. Due to the impact of large-scale sea-land thermal contrast, Guangdong
starts to be affected by strong southerly winds from the ocean in March and April. The southwest
wind from the South China Sea and southeast wind from the Pacific Ocean bring a large amount of
water vapor continuously, and the southerly winds can last until September and October in most
years [76–80]. Meanwhile, the weak sea breeze also brings water vapor to the land in the process of
day-night alternation in coastal region [81,82].

4.2. The Application of Mann–Kendall Trend Test Method

This study used the methods of REOF, linear trend estimation, continuous wavelet transform,
and Kriging interpolation. These methods are widely used and accepted. The Mann–Kendall trend
test method has been improved since its introduction, while there still are some controversies in
its application. Some scholars suggest that the time series should be pre-whitened before the M–K
test [83], while others suggest that pre-whitening process is not appropriate for the sequences with
low coefficient of variation, large trend slope, and large sample size [84]. Some studies found that
the M–K test results of pre-whitening processed sequences were not accurate because of the loss of
important information [85]. It is also suggested that the M–K test results can be improved by improving
the significance test level and increasing the time series length of samples [64]. In the current study,
the variation trend of relative humidity series was obvious, the sample size was large (1959–2017),
and the confidence level of 95% was adopted. Therefore, the pre-whitening process was not suitable
for our data.

4.3. Concentrated Mutation of RH in the Early 1990s

The mutation point of RH in each subarea of Guangdong mostly appeared in the 1990s, particularly
in the early 1990s. Other studies found that the mutations of temperature [50], precipitation [51],
and evaporation [53] in Guangdong also mainly appeared in the early 1990s. There are certain
relationships between these meteorological factors, and their changing trends can influence each
other [86,87]. In addition, concentrated mutations of these meteorological factors may be related to
human activities. As the forefront of Reform and Opening Up in China, the development of Guangdong
was heavily affected by national policies. In the early 1990s, there were several large adjustments of
national polices [88,89]. Since the adjustment, industry and population have been gathering rapidly in
Guangdong, especially coastal areas, thereby causing much larger impact on the local water cycle and
environment [49,90].

4.4. Rapid Decline of RH in the Pearl River Delta

Our results indicate the decline rates of RH in the Pearl River Delta and eastern coastal subarea
(the Hanjiang River Delta) were much larger, especially in the Pearl River Delta (Table 2, Figures 3
and 6). It is mainly because of increase in urban population and expansion of city areas in the Pearl
River Delta [91,92]. Especially in recent decades, rapid development of regional economy, increase of
surface hardening rate, and rapid expansion of urbanization area caused that vegetation coverage
declined, and surface temperature rose gradually, and the amount of water available for evaporation
from the ground surface decreased gradually [93–95].
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In 2019, Chinese government successively issued the Outline of Development Planning of
Guangdong–Hong Kong–Macao Bay Area and the Opinions on Supporting Shenzhen to Build a
Leading Demonstration Area of Socialism with Chinese Characteristics. In 2020, to mitigate the impact
of COVID-19 pandemic, the Chinese government launched a series of new infrastructure construction
plans to stimulate the economic development. Under the support of these policies, a new round of
economic growth, population concentration, and urban area expansion may occur, and all of these
may cause changes to the water cycle and bring threats to the environment and ecosystem [96].

Despite the importance of economic development, the close relationship between water environment,
such as RH, and human society, air quality [10–14], extreme weather [15–17], plant growth, and disease
transmission [31]. Effective measures are needed to minimize the impact on water resources, such as good
urban planning with rational distribution of different functional zones in cites [97], increasing green areas,
and low-impact development (i.e., sponge city construction in China) [98].

4.5. Limitation and Future Research

Similar to many studies, there are some limitations in the current study. In China, the manual
observation of RH was gradually replaced by automatic observation from 2000, and upgradation was
completed by 2014. Automatic observation of RH in Guangdong was also achieved during this period.
For the automatic RH observation, meteorologists made parallel (comparative) observations for a long
period [99]. Under the principle of unified archiving and management of climate data, strict quality
evaluation and revision of observation data were conducted, and the possible errors were minimized
within the allowable accuracy range. Moreover, strict quality control and inspection were carried out
before data release [100,101]. The comparison between automatic observation and manual observation
also shows the comparable results between these two methods [102,103].

In this paper, spatiotemporal variations in RH in Guangdong in the last 60 years were studied,
and reasons for the changes were explored. However, RH is affected by a series of meteorological
factors, such as precipitation, temperature, wind velocity, evaporation, and sunshine, and different
kinds of anthropogenic activities, for example, rapid urbanization, vegetation destruction, and others.
In future studies, more comprehensive analyses including more meteorological factors and human
activities will further improve our understanding of the spatiotemporal change of water cycle.

5. Conclusions

In this study, the RH at 74 stations in Guangdong Province, South China, from 1959 to 2017 were
analyzed. REOF decomposition, the Mann–Kendall test, and continuous wavelet transform were
conducted. The main conclusions are as follows:

(1) Based on the REOF decomposition situation of monthly RH field during 1959–2017,
Guangdong Province was divided into 6 subareas: eastern inland subarea, eastern coastal
subarea, western inland subarea, western coastal subarea, northern inland, and Pearl River Delta
subarea. Overall, mean annual RH decreased at the rate of −0.678%/10a in the whole province.
Spatially, annual mean RH declined quicker in the Pearl River Delta and eastern coastal subarea.
The mean RH during the whole period of 1959–2017 in the whole province was 78.90%. Spatially,
the mean RH decreased from southwest to northeast.

(2) According to the Mann–Kendall test of annual mean RH, when variation trends in the subareas
passed 95% confidence test, the periods appeared during 2000–2017 and they all were in decline
trends. Moreover, mutation points mostly appeared in the 1990s, especially in the early 1990s.

(3) Continuous wavelet transform of annual mean RH showed that the significant oscillation periods
of 2–3 years in the 1970s and 2008–2015 in eastern inland, western inland, and northern inland
subareas, while they were around 2010 in eastern coastal subarea and Pearl River Delta subarea.
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