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ABSTRACT: Macau has continuous meteorological observations for more than 100 yr, data which
are rarely available in South China. This study first homogenizes long-term observations in
Macau using procedures for change point detection and adjustment, and then applies the statistical theory of extreme values to investigate changes in meteorological extreme events, including
extreme rainfall and summer heat waves, at this station. A Poisson-generalized Pareto (GP) model
is applied to extreme rainfall modeling, while a statistical model established by extending the
Poisson-GP method is applied to heat wave modeling. In this heat wave model, the frequency of
summer heat waves is modeled by a Poisson distribution, their intensity is modeled by a GP distribution, and their duration is modeled by a geometric distribution. Results show that these statistical models permit realistic modeling of extreme events in Macau. Return levels of extreme rainfall
and heat waves in Macau are estimated by the Poisson-GP model fitted to the daily rainfall
amount and summer daily maximum temperatures, respectively. Trends of extreme events are
introduced into these statistical models through changes in parameters. It is found that the frequency of extreme rainfall increases significantly in the observational record of Macau, while the
positive trend in the intensity of extreme rainfall is nonsignificant. For changes in parameters in
summer heat waves, a significant increasing trend in the frequency is found after an adjustment
is applied to a detected change point in the temperature record, but the positive trends in the
intensity and duration are nonsignificant.
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Extreme weather and climate events such as heat
waves, cold surges, droughts, floods, and hurricanes
(typhoons) have affected human society from its
very beginning. Obtaining better understanding of
the variation and underlying mechanisms of these
meteorological extreme events in both past and present climate conditions is a key issue for prediction

and risk assessment in the future (Easterling et al.
2000, Meehl et al. 2000). To achieve this, long-term
observational records are needed. Macau has continuous meteorological observations going back >100 yr,
data which are rarely available in China, particularly
in South China (Wang et al. 1998, Ye et al. 1998, Qian
& Zhu 2001). Changes in climate extreme events in
China have been widely discussed (Qian & Lin 2004,
Zhou et al. 2006, 2009, You et al. 2010, Qian et al.

*Corresponding author: wenzhou@cityu.edu.hk

© Inter-Research 2015 · www.int-res.com

1. INTRODUCTION

92

Clim Res 66: 91–101, 2015

2011, Li et al. 2012, Wang et al. 2013, 2014). However, previous studies may be based either on relatively short-term observations, say, a few decades,
or on trends obtained from simple linear regression,
which may not be suitable for obtaining changes in
extreme events (Li et al. 2005, Nogaj et al. 2006,
Brown et al. 2008, Wang et al. 2015). In the present
study, we investigate changes in extreme rainfall and
summer heat waves using long-term observations in
Macau based on the statistical theory of extreme
values.
There is a long tradition of using the statistical
theory of extreme values in environmental applications. In early studies, the Generalized Extreme
Value (GEV) distribution with unchanged parameters was applied in order to model simple climatic
extreme events, usually in the form of block maxima,
such as annual maxima of daily precipitation or temperature (e.g. Gumbel 1958). Such studies typically
assumed stationarity, that is, an unchanging climate.
Later, the Poisson-generalized Pareto (GP) model
was used to describe all exceedances above a high
threshold instead of just looking at block maxima
(e.g. Todorovic & Zelenhasic 1970). More importantly, the theory has been extended to encompass
temporal trends. The most common approach for
dealing with nonstationarity is to allow for parametric changes with time in the distribution (e.g. Smith
1989). This approach jointly models the occurrence of
an event (an exceedance of a high threshold) and its
severity (the degree of excess over a high threshold).
The exceedances are assumed to occur according to
a Poisson distribution, while the excesses above the
threshold are assumed to follow a GP distribution
(e.g. Coles 2001).
One simplification in the Poisson-GP model is that
it assumes independence of daily events. In fact, the
probability of a wet (rainy) day being followed by
another wet day is higher than being followed by a
dry day in summer, and vice versa (Groisman et al.
1999). But for extreme rainfall, the probability of an
extreme rainy day following another extreme rainy
day is low; that is, the temporal dependence in the
daily rainfall series at extreme levels is weak (e.g. Li
et al. 2005). Therefore, the assumption of independence in the Poisson-GP model is reasonable in
extreme rainfall modeling (Begueria et al. 2011).
When it comes to extreme high temperatures, the
probability of a hot day being followed by another
hot day is high in summer. In the early studies of heat
waves, it was common to decluster the data and
model only frequency and severity (Zhang et al.
2004, Nogaj et al. 2006, Brown et al. 2008). In recent

studies, an approach to modeling heat wave duration
using the temporal dependence of excesses within a
heat wave, rather than discarding these clusters,
has been advocated (Furrer et al. 2010, Keellings &
Waylen 2014). This approach is adopted in this study
and applied to model heat waves in Macau. Here we
use the term ‘heat wave’ to represent different durations of high temperature extremes, including a single hot day and hot spells with one or more consecutive hot days.

2. DATA AND METHODOLOGY
2.1. Data and homogenization
Focusing on extreme rainfall and summer heat
waves in Macau, 2 meteorological parameters are
used in the present study: daily rainfall and summer
(June−August) daily maximum temperature (Tmax).
Observational records of these parameters in Macau
are available from the late 19th century but have
many missing values in the early years. We select
records from periods with credible quality data: rainfall data from 1907 and temperature from 1912.
There are no missing values for daily rainfall and
only one missing value, in June 1916, for summer
daily Tmax in the selected records. The time series of
daily rainfall in Macau from 1 Jan 1907 to 31 Dec
2013 is shown in Fig. 1a, while the time series of summer daily Tmax from 1912 to 2013 is shown in
Fig. 1b.
The location of the Macau observation station
changed twice after 1904. It was located at 113° 32’
39’ E, 22°11’ 45’ N (at an altitude of 65 m) from 1904 to
May 1966, moved to 113° 32’ 32’ E, 22°12’ 57’ N (57 m)
in May 1966, and moved to 113° 34’ 08’ E, 22° 09’ 33’ N
(110 m) in August 1996, where it has remained to the
present. Based on the analysis of the difference in
annual mean temperature between Macau and Hong
Kong, Fong et al. (2010) suggested that there is no
noticeable discontinuity in the observed temperature
of Macau. In this study, the RHtestsV4 software
package (Wang & Feng 2013) is used to detect, and
adjust for, multiple change points that could exist in
the observed series of Macau. This software package
is based on the penalized maximal t-test and the
penalized maximal F-test (Wang 2008a, 2008b).
These tests are embedded in a recursive testing algorithm. The lag-1 autocorrelation (if any) of the time
series is empirically taken into account. Homogeneity tests without reference series are applied to both
monthly total rainfall and monthly means of daily
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Tmax. This method is used because (1) no long-term
(say, up to 100 yr) reference series is available. There
were no observations in Hong Kong during World
War II, and observations in nearby Zhuhai in mainland China started in 1962 (Qian et al. 2015), only a
few years before the relocation of the Macau station
in 1966. (2) As suggested by Wang & Feng (2013), in
the analysis of the daily series, the functions in RHtestsV4 should be applied to the corresponding
monthly series, and it is acceptable to apply the RHtestsV4 functions to the monthly total precipitation
series.
When RHtestsV4 is applied, no change point is detected in the monthly total rainfall, and one change
point in 1966 is detected in the temperature series
(Fig. 1b). We deduce that the detected change point
in temperature is artificial because observations in
Macau were relocated in 1966, as mentioned above.
The Quantile-Matching adjustment algorithm (Wang
et al. 2010, Vincent et al. 2012) is used to adjust the
daily Tmax in Macau. The adjusted series is shown in
Fig. 1c. The following heat wave study is based on
this adjusted data.
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2.2. The Poisson-GP model for extreme rainfall
As introduced above, the Poisson-GP model is
applied to extreme rainfall. Specifically, the annual
frequency of extreme rainfall exceeding a high threshold is modeled by a Poisson distribution, and its
intensity (the rainfall amount that is above the
threshold for defining an extreme event) is modeled
by a GP distribution. The probability mass function
(PMF) of the Poisson distribution is given by:
P (k ) =

λ k e−λ
,
k!

k = 0,1,2,

(1)

where k is the number of events in a given year and λ
is the Poisson parameter. A GP distribution is given by:
1
x − u ⎤− ξ
x −u
⎡
(
)
> 0 (2)
F x; ξ, σu ,u = 1 − 1 + ξ
, x > u,1 + ξ
⎣⎢
σu
σu ⎦⎥

where x is the variable to be modelled, ξ stands for
the shape parameter, and σu > 0 denotes the scale
parameter depending on the selected threshold u.
Parameter estimation in the Poisson-GP model is
done using maximum likelihood methods.
The Poisson-GP model is further extended to allow for estimating trends in
extreme rainfall frequency and intensity, and duration characteristics. One
can consider parameters to be fixed
within a given year but allow shifts from
one year to another. That is, for each
year x in the record period, λ = λ(x) for
the Poisson parameter, and σu = σu (x) for
the GP scale parameter. Since changes
in the shape parameter of the GP distribution are rarely observed and difficult
to model, this parameter is kept fixed.
Trends are introduced through a generalized linear model (GLM) framework
in the Poisson model and through covariate effects in the GP scale parameter.
Extreme events are easy to recognize
but difficult to define, as the concept of
‘extremeness’ is strongly dependent on
context (Diaz & Murnane 2008). To assess past changes in extreme events as
well as possible future consequences,
an adequate threshold for the definition
of extreme events is important (Robinson 2001, Perkins & Alexander 2013).
Fig. 1. Time series for Macau of (a) daily rainfall (mm) from 1 Jan 1907 to 31
We have to choose a threshold that is
Dec 2013; (b) summer (June−August) daily Tmax from 1912 to 2013, with a
sufficiently high, so that the GP distrishift in the linear trend (black line) in 1966 detected by RHtestsV4; (c) the
bution (Eq. 2) is essentially satisfied, but
temperature time series adjusted using the Quantile-Matching algorithm
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Fig. 2. (a) Mean residual life plot (dashed lines: confidence
intervals), and (b) modified scale parameter σu and (c) shape
parameter ξ estimates (error bars: confidence intervals)
against threshold values for Macau daily rainfall

sufficiently low, so that there are enough excesses to
estimate the parameters ξ and σu (Li et al. 2005). We
adopt the criterion proposed by Coles (2001) for choosing the threshold, i.e. the use of 2 graphical tools: the
mean residual life plot and the parameter stability
plot. In practice, the scale parameter needs to be adjusted to remove the dependence on the threshold.
Fig. 2 shows the mean residual life plot and the
parameter stability plot of Macau daily rainfall. We
choose the threshold of u = 100 mm for extreme rainfall in Macau based on these plots. Fig. 2a is nearly
linear, and both estimates σu and ξ are near constant
for this u value. We further carry out a sensitivity
analysis for this threshold selection. Diagnostic plots
including a probability plot, quantile plot, and return
level plot for GPD models fitted to daily rainfall data
with various thresholds are generated (figures not
shown), which allow the threshold selection to be
revisited to see whether the asymptotic basis of the
model is violated. Six thresholds (25, 50, 75, 100, 125
and 150 mm) are tested. It is found that a threshold of
50 mm or below is obviously too low, since the goodness-of-fit in the quantile plot is unconvincing, and
the circles are located outside the confidence intervals on the return level plot. Basically, there is no
noticeable change in results when thresholds higher
than 75 mm are used. We therefore conclude that a
threshold of 100 mm is a suitable choice.

Fig. 3. (a) Mean residual life plot (dashed lines: confidence
intervals), and (b) modified scale parameter σu and (c) shape
parameter ξ estimates (error bars: confidence intervals)
against threshold values for Macau daily Tmax

2.3. Statistical modeling for heat waves
The statistical heat wave model extends the Poisson-GP method to model the frequency, duration,
and intensity of heat waves. Specifically, the annual
frequency of heat waves is modeled by a Poisson distribution, their intensity is modeled by a GP distribution, and their duration is modeled by a geometric
distribution (Furrer et al. 2010, Wang et al. 2015). For
temperature, negative shape parameters (ξ) of the
GP distribution, that is, those with a bounded tail, are
commonly obtained (e.g. Brown & Katz 1995). The
probability mass function of the Poisson and GP distributions is given in Eqs. (1) & (2), respectively. A
geometric distribution that can model the length
(duration) of a heat wave is given by
P ( k ) = (1 − θ )k −1 θ,

k = 1,2,

(3)

with the reciprocal of the parameter θ being the
mean. Parameter estimation in the statistical heat
wave model is done using maximum likelihood
methods as well. Trends are introduced through a
GLM framework in the geometric fitting. As in the
Poisson-GP model introduced above, one can consider a parameter fixed over the summer season
within a given year but allow shifts from one year to
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another. That is, for each year x in the record period,
θ = θ(x) for the geometric parameter. See more details
in Furrer et al. (2010).
The method of threshold selection for heat waves is
the same as that for extreme rainfall. Fig. 3 shows the
mean residual life plot and the parameter stability
plot of Macau daily Tmax. A threshold of u = 34.0°C
is chosen based on these graphical tools. In practice,
the mean excess values and parameter estimates are
computed from a relatively small quantity of data, so
the plots will look only approximately linear or constant even when the GP distribution becomes valid.
Confidence intervals are included to account for the
effects of estimation uncertainty for our evaluation.
But this still requires a good deal of subjective judgment. A sensitivity analysis similar to the case for
extreme rainfall is conducted for this threshold selection (figures not shown). It is found that 33.0°C and
below is too low for thresholds of the GPD models,
while a threshold of 34.0°C is suggested to be a good
choice.

3. CHANGES IN EXTREME RAINFALL
Having chosen the threshold u = 100 mm for extreme rainfall in Macau, for our rainfall data in
1907−2013 with n = 39 082 daily observations, we get
Nu = 251 excesses. The number of rainy days among
these 107 yr is 13 406 (not including trace rain
< 0.2 mm). The number of days with extreme rainfall
accounts for about 1.9% of the total rainy days. Fig. 4
shows the fitting of extreme rainfall by the PoissonGP model in Macau, suggesting that this approach
can realistically model the mean (i.e. stationary)
intensity and frequency of extreme rainfall. Observations are shown in bars (Fig. 4a for intensity) and circles (Fig. 4b for frequency), while fittings of the statistical model are shown in red lines. For the

Fig. 4. Observed values for (a) intensity (mm d−1 above the
defined threshold) and (b) frequency (events yr−1) of extreme rainfall in Macau fitted to the generalized Pareto
(GPD) and Poisson distributions, respectively (red lines)
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Table 1. Thresholds and fitting parameters (standard errors
in parentheses) of extreme rainfall and summer heat waves
in Macau. The GP, Poisson, and geometric model is for fitting intensity, frequency, and duration of extreme events,
respectively
Parameters
Threshold (u)
GP scale (σu)
GP shape (ξ)
Poisson (λ) (events yr−1)
Geometric (θ) (d−1)

Extreme rainfall

Heat wave

100.0 mm
43.71 ± 4.192
0.15 ± 0.073
2.35 ± 0.290
—

34.0°C
1.04 ± 0.092
−0.23 ± 0.059
2.39 ± 0.300
0.60 ± 0.037

frequency of extreme rainfall, observations in Fig. 4b
give an occurrence of 1 to 3 d yr−1 with a maximum
probability, and a maximum occurrence of 9 d in one
year during these 107 yr. Meanwhile, threshold and
fitting parameters (± SE) are given in Table 1. The GP
scale parameter (σu) and shape parameter (ξ) for
Macau extreme rainfall are 43.71 and 0.15, respectively. The Poisson parameter (λ) is 2.35. Actually, λ is
the mean frequency of the fitted extreme event; that
is, the mean of extreme rainy days in Macau is
2.35 d yr−1 as estimated by the Poisson-GP model.
It is usually more convenient to interpret the extreme value model in terms of quantiles or return levels, rather than in terms of individual parameter values (Coles 2001). To further characterize extreme
rainfall in Macau, we estimate the return levels by
the Poisson-GP model fitted to daily rainfall data. The
result is shown by the solid red line of Fig. 5. The
95% confidence intervals of these estimations are

Fig. 5. Return level plot for threshold excess model fitted to
daily rainfall data in Macau during 1907−2013 (solid line;
dashed lines denote the 95% confidence interval), and
observations for these 107 years (blue circles)
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Table 2. Mean return levels (95% confidence intervals in
parentheses) estimated using a threshold excess model
fitted to daily rainfall data in Macau

Table 3. Nonstationary parametric trends (p-values in
parentheses) in a Poisson-generalized Pareto (GP) model for
extreme rainfall and statistical heat wave model in Macau

Return period (yr)

Return level (mm)

Trend

Extreme rainfall

Heat wave

5.5
10.9
54.7
109.1
217.6

236.4 (213.4, 259.5)
283.7 (247.6, 319.8)
415.8 (320.1, 511.5)
483.3 (345.9, 620.7)
558.5 (367.1, 749.8)

GP scale (σu)
Poisson (λ)
Geometric (θ)

0.002 (0.5)
0.007 (0.001)
—

0.002 (0.150)
0.006 (0.011)
0.004 (0.337)

The last step is to obtain parametric trends of the
extreme rainfall from the Poisson-GP model through
the GLM framework (for the Poisson distribution)
and covariate effects (for the GP distribution), as introduced in the methodology. The results are shown
in Fig. 6, where the stems represent the observed
year-to-year variations of extreme rainfall intensity
(Fig. 6a) and frequency (Fig. 6b) in Macau during
1907−2013. When nonstationarity is introduced into
the model, parametric trends of extreme rainfall are
obtained. The red lines in Fig. 6 show the parametric
trends of extreme rainfall components (intensity and
frequency). The trends are 0.002 and 0.007 yr−1 for
intensity and frequency, respectively
(Table 3). p-values of the log-likelihood test estimated in the Poisson-GP
model suggest that the trend of intensity is nonsignificant, while the trend
of frequency is significant at the 0.01
level (p-values < 0.01).
We further demonstrate how the
statistical model estimates trends in
extreme events by taking the frequency of extreme rainfall in Macau
(Fig. 6b) as an example. The trend in
the number of extreme rainy days is
estimated based on a fitted nonstationary Poisson distribution where the
parameter rate changes with the year
(x): λ(x) = exp (β0 + β1x). The GLM
framework is used to estimate the
parameters. Specifically, for the number of extreme rainy days in Macau,
the trend is estimated by exp (–12.34
+ 0.007x). It represents a proportionate increase of exp (0.007) in extreme
rainy days, which is significant at the
0.01 level (Table 3), while −12.34
stands for the intercept. Simple linear
regression to estimate the trend in the
number of extreme rainy days is not
Fig. 6. Trends (red lines) of (a) intensity (above the defined threshold) and (b)
recommended for 2 reasons: (1) the
frequency of extreme rainfall in Macau during 1907−2013 estimated by the GP
and Poisson distributions, respectively. The stems represent observed values
trend estimation based on the linear
shown by red dashed lines and the observations are
shown by blue circles. For quantitative description, it
is more convenient to give return levels on an annual
scale, that is, the N-yr return level is the level
expected to be exceeded once every N yr. The return
levels (with the 95% confidence intervals) of extreme
rainfall in Macau corresponding to some typical
return periods, e.g. approximately 5, 10, 50, 100, and
200 yr, are listed in Table 2. For example, the return
level of a given 54.7-yr return period is estimated at
415.8 mm (95% confidence interval: 320.1 to
511.5 mm).
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Fig. 7. Observed values for (a) intensity (°C above the defined threshold), (b) frequency and (c) duration of heat waves in
Macau fitted to the generalized Pareto (GP), Poisson and geometric distributions, respectively (red lines)

model assumes the data follow a normal (Gaussian)
distribution, which is not realistic for modeling
extreme events; (2) the linear trend fails to capture
the nonlinear behavior in the number of extreme
rainy days. For the example of extreme rainfall frequency in Macau, the linear trend can be estimated
by –31.18 + 0.017x, with a slope of 0.017 d yr−1 (intercept of −31.18), which indeed fails to capture the
nonlinear trend in the number of extreme rainy days.
This illustrates the key advantage of trend estimation
in extreme meteorological events based on the statistical theory of extreme values.

4. CHANGES IN SUMMER HEAT WAVES
Fig. 7 shows how realistic the statistical model is in
fitting the mean (stationary) intensity, frequency, and
duration of heat waves in Macau. Observations are
shown in bars (Fig. 7a for intensity) and circles
(Fig. 7b for frequency and Fig. 7c for duration), while
fittings of the statistical model are shown in red lines.
Threshold and fitting parameters (± SE) are given in
Table 1. The GP scale parameter (σu) and shape
parameter (ξ) for Macau heat waves are 1.04 and
−0.23, respectively. The Poisson parameter (λ) is 2.39,
implying that the mean frequency of heat waves in
Macau is estimated at 2.39 events yr−1. The geometric distribution parameter (θ) is 0.60, implying a mean
heat wave duration of 1.67 d (θ−1) in Macau. In addition, observations in Fig. 7b give an occurrence of 1
to 3 events yr−1 with a maximum probability, and a
maximum occurrence of 9 events in one year in
1912−2013. Observations in Fig. 7c show that a duration of 1 d has a maximum probability, and the
longest duration can be up to 8 d in these 102 yr.
Return levels for the threshold excess model fitted
to daily Tmax in Macau are estimated and shown in
Fig. 8. Quantitative examples corresponding to 5 typical return periods are listed in Table 4. For instance,

Fig. 8. Return level plot for threshold excess model fitted to
daily Tmax in Macau during 1912−2013 (solid line; dashed
lines denote the 95% confidence interval), and observations
for these 102 years (blue circles)

the return level corresponding to a 10.9 yr return
period is estimated at 36.3°C (95% confidence interval: 36.1 to 36.5°C); the return level corresponding to
a 108.7-yr return period is estimated at 37.2°C (95%
confidence interval: 36.7 to 37.6°C). We suggest that

Table 4. Mean (95% confidence intervals in parentheses)
return levels estimated using a threshold excess model fitted
to daily Tmax in Macau
Return period (yr)
5.4
10.9
54.5
108.7
216.9

Return level (°C)
36.0 (35.8, 36.2)
36.3 (36.1, 36.5)
36.9 (36.6, 37.3)
37.2 (36.7, 37.6)
37.3 (36.9, 37.8)
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Fig. 9. Trends (red lines) of (a) intensity (above the defined threshold), (b), frequency and (c) duration of heat waves in Macau during 1912−2013 estimated by the GP, Poisson, and geometric distributions, respectively. The stems represent the observed values

these estimations of return levels using the threshold
excess model can be helpful for social applications,
such as risk assessment.
Finally, nonstationary parametric trends of heat
wave intensity, frequency, and duration in Macau
during 1912−2013, estimated by the GP, Poisson, and
geometric distributions, are shown in the red lines of
Fig. 9. The trends are 0.002, 0.006, and 0.004 yr−1 for
heat wave intensity, frequency, and duration, respectively (Table 3). The p-values of the log-likelihood
test estimated by the statistical heat wave model are
shown in Table 3, which demonstrates that the increasing trend of heat wave frequency is significant
at the 0.05 level, while the increasing trends of heat
wave intensity and duration with large p-values are
nonsignificant.

5. DISCUSSION AND CONCLUSIONS
Meteorological observations in China started
mainly in the 1950s or 1960s (e.g. Li & Yan 2009). The
present study investigates changes in extreme rainfall and summer heat waves using the theory of
extreme values based on more than 100 yr of observations in Macau. Results show that the stationary
Poisson-GP model can fit the frequency and intensity
of extreme rainfall realistically (Fig. 4), while the statistical heat wave model with a geometric distribution added to the Poisson-GP model can simulate the
intensity, frequency, and duration of heat waves
(Fig. 7). Return levels of 2 climate extremes in Macau
are estimated by the Poisson-GP model fitted to the
daily rainfall amount and summer daily Tmax (Figs. 5
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& 8), as these quantities are more convenient for
interpreting the extreme value model than parameter values. Furthermore, return levels estimated
by the threshold excess model can be helpful for
social applications, such as risk assessment.
When it comes to time-dependent trends, ordinary
parametric trend estimation (i.e. least squares regression) is not recommended, mainly because it requires the residual time series to be normally distributed, which is likely to be violated for time series of
extreme events. Hence, nonparametric methods for
trend detection, which require only that the data be
independent, are widely used (Kunkel et al. 1999,
Alexander et al. 2006, Haylock et al. 2006, New et al.
2006, Alexander & Arblaster 2009, Birsan et al. 2014,
Deng et al. 2014, Pingale et al. 2014). The nonparametric Mann-Kendall test (Mann 1945, Kendall 1975)
and the Kendall’s tau-based slope estimator (Sen
1968, Wang & Swail 2001) are most frequently utilized
in these studies. The former tests the direction (increase or decrease) and the significance of the trend,
while the latter quantifies the magnitude of this trend
(e.g. Chu et al. 2014). To complement these nonparametric methods, nonstationary GEV approaches are
incorporated in some studies (Westra et al. 2013, Chen
& Chu 2014, Bennett et al. 2015). However, if the distributional form is known, a parametric method usually has a better test power (Zhai et al. 2005). Zhang et
al. (2004) compared the least squares method, the
Kendall’s tau-based method, and the GEV method
and concluded that ordinary least squares regression
is the least reliable, the Kendall’s tau-based method
provides some improvement, and explicit consideration of the extreme value distribution when computing
the trend always outperforms these 2 methods. In a
recent review of trend analysis, Madsen et al. (2014)
also suggested that parametric tests seem to be the
most powerful for extreme value data when the distributional assumptions (e.g. GEV or GP distribution)
are fulfilled. We therefore suggest that trends of extreme events be introduced to parametric changes in
fittings of extreme values through a GLM framework
and covariate effects. The results show that the frequency of both extreme rainfall and summer heat
waves increases significantly, while the trends of the
intensity of extreme rainfall, and the intensity and duration of summer heat waves, are all positive but nonsignificant (Table 3).
The increasing trends of climate extremes detected
in this study are noteworthy. Changes in extreme precipitation in South China or the Pearl River Basin have
been investigated (e.g. Ning & Qian 2009, Zhang et
al. 2009, Gemmer et al. 2011). Nevertheless, all of
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these previous studies utilized data only from recent
decades, after the 1950s or 1960s, when meteorological observations were widely available in the region.
Furthermore, it has been pointed out that, in the context of global warming, increasing temperature
trends in Macau are weaker compared to other adjacent regions in the Pearl River Delta, such as Hong
Kong and Guangzhou, particularly in the boreal summer (Fong et al. 2010). It is also found that the
warming in Macau occurs mainly in minimum temperature rather than Tmax (Xu et al. 2007). In this
study we reveal that the frequency of summer heat
waves in Macau increases significantly in terms of
nonstationary parametric trends in the statistical
model during 1912−2013. This significant increase in
heat wave frequency is, to some extent, a consequence
of the adjustment in the temperature record (Fig. 1c).
If the statistical heat wave model is implemented in
the original time series of daily Tmax given in Fig. 1b
(results not shown), it is found that increasing trends
of heat waves are nonsignificant, i.e. all 3 p-values of
the log-likelihood test estimated in the heat wave
model are larger than the commonly used significance
levels of 0.01 or 0.05. However, we can deduce that
the detected change point in 1966 is artificial, as it is
not only significant in the detection but also matches
the year the weather station was relocated. Therefore,
homogenization is required, and it demonstrates that
the increasing trend in the frequency of summer heat
waves in Macau is significant.
Finally, the area around the Pearl River Delta has
undergone rapid urbanization. This implies that
anthropogenic warming induced by urbanization
and changes in land use may have contributed a portion of the warming (e.g. Jones et al. 2008, Hu et al.
2010). Identification of natural and anthropogenic
forcing for the increasing extreme temperature as
well as extreme rainfall in the region is needed in further studies. Extreme value analysis that incorporates atmospheric patterns in the distribution parameter estimates can be used to assess the dependence
of extreme events on atmospheric forcing (Photiadou
et al. 2014). But for dynamical analysis of more than
100 yr, the shortage of simultaneous long-term largescale atmospheric data is a limitation.
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