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Abstract
In late January 2016, Hong Kong experienced an unusual extreme cold surge event with
freezing rain and frost. The occurrence and development of this cold surge are studied in order
to identify factors leading to this event. Although the early winter was warmer than average
due to a strong El Niño event, the transition of the Arctic Oscillation (AO) from positive to
negative strengthened the intensity of the blocking pattern over Asia, allowing cold surface air
to build up over the region. With the amplification of the Ural-Siberian High (UBH) and
Siberian High (SH) due to the blocking event, the winter monsoon over Hong Kong caused
cold anomalies to move southward, spreading cold air over East Asia and forming the extreme
cold wave in late January 2016 as well as other cold days in February and March.

1

1. Introduction
Global warming has triggered many changes all over the world. Extreme weather and climate
such as heat waves and cold waves have been increasing in recent years. Over the last few
decades, the weather in Hong Kong has had more hot and cold extremes every year. Hong
Kong’s climate is subtropical, characterized by hot and humid summers and cool winters. The
temperature in winter is usually cool and mild, and it is rare to see snow or frost in Hong Kong.
However, in the early boreal winter of 2015/16, Hong Kong unexpectedly experienced a
remarkably warmer than usual surface air temperature (SAT) along with wetter than usual
conditions. The abnormal weather lasted until mid-January 2016, and from mid to late January,
there was a sudden drop in temperature due to an extreme cold spell that came across Asia and
North America, leading to extremely low SAT. The intense cold surge brought a cold snap
and frost even dusted the mountains, affecting not only eastern China, but also south to Hong
Kong. The number of cold days, referred to as days when the daily minimum temperature is
equal to or lower than 12 degrees Celsius, was 21 in 2016, while one of the record-breaking
coldest days in Hong Kong, at 3.1 degrees Celsius, was recorded by the Hong Kong
Observatory on 24 January. The intense cold surge brought the greatest impacts to Hong Kong
during 23-25 January. Although the daily mean temperature in January 2016 was 16 degrees
Celsius, which is within the normal range, it broke the 5-day extremes of minimum mean air
temperature between 1947 and 2018 recorded at the Hong Kong Observatory (HKO).
Without exception, the super El Niño of 2015 brought a wide range of effects across the world.
It was one of the strongest and longest El Niño events in the tropical eastern Pacific and was
comparable to the two historic super extreme El Niño events in 1982/83 and 1997/98. It could
be the reason for Hong Kong’s warm temperatures in the early boreal winter of 2015/16 and
the following unusual cold surge on 23-25 January 2016, as well as other cold periods from
January to March 2016.
El Niño–Southern Oscillation (ENSO) is a dominant ocean and atmospheric coupling
phenomenon over the tropical Pacific. During El Niño winters, there is an eastward shift of
the convective center over the tropical Western Pacific in the atmosphere, associated with
anomalous sea surface temperatures. El Niño also contributes to the variability of the East
Asian winter monsoon by inducing anomalous anticyclonic flow in the lower troposphere over
the western North Pacific. Therefore, ENSO is likely to induce the northward displacement of
the East Asian trough, causing temperature variations in the East Asian–Western Pacific region
by changing the large-scale circulation that is contributed mainly by anomalous wind in the
lower troposphere (Leung and Zhou 2015; Leung & Zhou, 2016). One investigation reports
that the winter climate of southern China is frequently affected by the East Asia winter
monsoon (EAWM), as well as the cold outbreaks brought by the strong northwesterly winds
along the Siberian high, leading to the rapid temperature drops in southern China (Zhou et al,
2009). The persistence Ural-Siberian blocking (USB) has been identified to exert considerable
impacts on EAWM activities and reinforces the SH by enhancing the cold advection
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downstream (Cheung, Zhou, Mok, & Wu, 2012; Cheung et al, 2013). Cold SAT anomalies
over the SH are induced over East Asia, decreasing the pressure and tightening the zonal
pressure gradient, thus, a severe cold air outbreak is likely to occur (Cheung et al., 2016). The
high anomaly over the midlatitudes of the USB is crucial for the high number of cold days in
Hong Kong (Cheung, Zhou, Lee, & Tong, 2015) in 2016. The seasonal occurrence USB
activity can be regarded as the combined effect of the Arctic Oscillation (AO) and the ENSO.
When both AO and ENSO are under negative phase which was the situation in early 2016, the
SH tends to be stronger and the temperature tends to be lower in East Asia, with stronger Ural–
Siberian blocking while the opposite when under positive phase (Cheung, Zhou, Mok, & Wu,
2012).
Despite the adverse weather conditions in late January 2016, a marathon competition was held
on Tai Mo Shan on 23 January and many curious citizens went up to Fei Ngo Shan, where 257
people were trapped on the mountain because of the icy roads. Under the long period of wind
chill, symptoms of hypothermia and twisted ankles or other injuries were found in the marathon
racers. As far as economic impacts, the Hong Kong Chinese New Year Flower Market in 2016,
held during 2-7 February, was greatly affected by the extreme cold because people had less
desire to participate. Myriad types of flowers wither and die due to freezing damage, including
the popular peach blossoms and lilies. The yield of peach flowers was reduced from 20,000 in
the previous year to around 5000, thus causing enormous economic loss (millions of dollars)
to flower growers. Academics was also impacted, as the education bureau announced class
suspension for primary schools and kindergarten on 24 January. All of these impacts illustrate
that this cold event was a great challenge for the Hong Kong government and citizens.
In this project, we aim to explain the occurrence of the unprecedented extreme cold wave that
affected Hong Kong in early 2016 and to analyze the events from an observational perspective,
at the same time identifying the blocking frequency. As it is uncommon for Hong Kong to
experience such a cold winter, there are insufficient means to predict and track such events or
guidelines to provide to departments and citizens to respond to such an extreme climate. As a
result, different health risks, injuries, and other socioeconomic impacts appeared during and
after the cold surge in January 2016. This underlines the importance of understanding the
occurrence of this abnormal event and its consequences so that government can better prepare
for future similar events and launch better responsive strategies, notifying the public in advance.
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2. Data and Methodology
2.1 Data
The time series of surface temperature and pressure used in this study was extracted from the
Hong Kong Observatory, including (1) daily minimum temperature, (2) daily mean
temperature, and (3) pressure for a six-month dataset from October 2015 to March 2016.
Data for time series plots by the parameters analyzed in this study, including (1) wind, (2) sea
level pressure, and (3) relative humidity, are extracted from the ENVF Atmospheric &
Environmental Database of the Hong Kong University of Science and Technology with data
from the HKO. Plots of linear correlations in atmospheric seasonally averaged variables
include the (1) Arctic Oscillation index and (2) mean sea level pressure generated from the
Physical Sciences Laboratory.

2.2 Methodology
To study several fields, such as minimum temperature and pressure, wavelet analysis is used
as a time-frequency tool to investigate the changes in temperature and pressure. To obtain a
standard score of temperature and pressure in order to produce a more accurate wavelet analysis,
the mean and standard deviation are calculated:
2.2.1 Mean
𝜇𝜇 =

∑ 𝑥𝑥

𝑁𝑁

where ∑ means "sum of", x is a value in the dataset, and N is the number of data points in the
population.
2.2.2 Standard deviation (SD)
The standard deviation measures the amount of dispersion in a set of values. SD is the square
root of the variance. It is calculated to determine the variation between each data point and
indicates which data points tend to be close to the mean. A higher SD indicates the data are
more widely spread.

𝜎𝜎 = �

∑|𝑥𝑥 − 𝜇𝜇|2

𝑁𝑁
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2.2.3 Standard score (z-score)
This shows the position of a raw score by measuring in SD units to state the distance from the
mean. A positive z-score indicates that the value lies above the mean, while a negative value
indicates that it lies below the mean. Comparisons of scores under different types of variables
can be made by standardizing the distribution.
𝑧𝑧 =

𝑥𝑥 − 𝜇𝜇
𝜎𝜎

Wavelet analysis is used as a time-frequency tool to detect power variations within time series
data. It is a useful tool to analyze information at different time scales.
2.2.4 Continuous wavelet transform (CWT)
A time series is decomposed into a time-frequency space in CWT, and dominant modes of
variability and their variation with time can be determined.
A Morlet wavelet is defined as:
1

1 2

𝜓𝜓0 (𝜂𝜂) = 𝜋𝜋 4 𝑒𝑒 𝑖𝑖𝜔𝜔0 𝜂𝜂 𝑒𝑒 −2𝜂𝜂

where ψ0(t) is the Morlet wavelet, and ω0 is the fundamental frequency, in which the number
of oscillations within the wavelet itself is given.
The CWT of a time series with the scaled and normalized wavelet:
𝑁𝑁

𝛿𝛿𝛿𝛿
𝛿𝛿𝛿𝛿
𝑊𝑊𝑛𝑛 (𝑠𝑠) = � � 𝑥𝑥𝑛𝑛′ 𝜓𝜓0[(𝑛𝑛′ − 𝑛𝑛) ]
𝑠𝑠 ′
𝑠𝑠
𝑋𝑋

𝑛𝑛 =1

where 𝑥𝑥𝑛𝑛 is the uniform time steps 𝛿𝛿𝛿𝛿, 𝑊𝑊𝑛𝑛 𝑋𝑋 (𝑠𝑠) is the local phase, and the wavelet power is
defined as |𝑊𝑊𝑛𝑛 𝑋𝑋 (𝑠𝑠)|2.
2.2.5 Cross-wavelet transform (XWT)

The XWT is a useful tool to study the relationships between two time series. The two time
series 𝑥𝑥𝑛𝑛 and 𝑦𝑦𝑛𝑛 are defined as 𝑊𝑊 𝑋𝑋𝑋𝑋 = 𝑊𝑊 𝑋𝑋 𝑊𝑊 𝑌𝑌∗ where * denotes complex conjugation. In a
time series with the background power of 𝑃𝑃𝑘𝑘𝑋𝑋 and 𝑃𝑃𝑘𝑘𝑌𝑌 , the theoretical distribution of the crosswavelet power is given by
|𝑊𝑊𝑛𝑛𝑋𝑋 (𝑠𝑠)𝑊𝑊𝑛𝑛𝑌𝑌∗ (𝑠𝑠)|
𝑍𝑍𝑣𝑣 (𝑝𝑝)
�𝑃𝑃𝑘𝑘𝑋𝑋 𝑃𝑃𝑘𝑘𝑌𝑌
𝐷𝐷 �
< 𝑝𝑝� =
𝜎𝜎𝜎𝜎𝜎𝜎𝜎𝜎
𝑣𝑣
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where σX and σY are the respective standard deviations, and Zv(p) is the confidence level
associated with the probability p (Muchebve, Nakamura, & Kamiya, 2018).
2.2.6 Wavelet coherence (WTC)
This is a useful measure to find a significant coherence between how cross-wavelet power is
transformed in time-frequency space as a localized correlation coefficient. Wavelet coherence
finds a locally phase-locked behavior. With the Monte Carlo method, the significance level of
WTC can be determined even with a low common power (Grinsted, Moore, & Jevrejeva, 2004).
𝑅𝑅𝑛𝑛2 (𝑠𝑠) =

|𝑆𝑆(𝑠𝑠 −1 𝑊𝑊𝑛𝑛𝑋𝑋𝑋𝑋 (𝑠𝑠))|2
𝑆𝑆(𝑠𝑠 −1 |𝑊𝑊𝑛𝑛𝑋𝑋 (𝑠𝑠)|2 ) ∙ 𝑆𝑆(𝑠𝑠 −1 |𝑊𝑊𝑛𝑛𝑌𝑌 (𝑠𝑠)|2 )

where S is the smoothing operator.

3. Results
3.1 Wavelet analysis
The wavelet transform is applied to daily minimum temperature data and pressure to
investigate their spectral behaviors and how they vary with respect to time. With an appropriate
choice of the analysis frequency band from the wavelet power spectrum, we can determine the
significant oscillation frequencies, as well as their durations and time of occurrence. The study
is carried out using daily average data extending for 1 year (July 2015 to June 2016), focusing
on the results in winter (November 2015 to March 2016). The horizontal axis is the time scale
(day) and the vertical axis is the period (1/frequency). The color changes in the figure represent
the fluctuation of the daily minimum temperature with pressure. The thick contour indicates
the 5% significance level against red noise, while the thick black line indicates the cone of
influence that delimits the region not influenced by edge effects.
The wavelet power spectrum of the daily minimum temperature and pressure in Hong Kong
over a period of 12 months (July 2015-June 2016) is presented in Figures 1 and 2, respectively.
There are observations of strong and significant temperature oscillation for 8 to 16 days in midNovember to December 2015 and between January and March 2016. For pressure, there is a
significant oscillation of 4 to 16 days in January 2016, and 8 to 16 days in December 2015 and
March 2016. The two time series both have a significant peak of 8-16 days around December
2015 to January 2016. Yet the low similarity between the two portrayed patterns cannot prove
whether this is merely a coincidence; therefore, cross-wavelet transform (XWT) is used to
solve this problem.
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Figure 1. Wavelet power spectrum for daily minimum temperature fluctuation

Figure 2. Wavelet power spectrum for daily pressure fluctuation

The two time series are interpreted as the local relative phase in the cross-wavelet transform in
time-frequency space. The arrows in the figure show the relative phase relationship. Arrows
pointing right represent the in-phase, and those pointing left represent the anti-phase. It is
noted in Figure 3 that there is a significant common power in the 8–16-day band between
December 2015 and March 2016. There is another strong and significant oscillation in the 4–
16-day period from mid-January to mid-February 2016. Less significant oscillations in the 4–
8-day period are found consistently from January to March 2016. The significant power areas
in the XWT show that the daily minimum temperature and pressure are in the anti-phase across
all scales with significant common power; thus, we can assume that the changes in pressure
are simply mirroring the temperature. The cross-wavelet power reveals the strong linkage
between temperature and pressure.
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Figure 3. Cross-wavelet transform between minimum temperature and pressure time series

The large circular standard deviation in cross-wavelet power makes it difficult to arrive at a
firm conclusion. Therefore, wavelet coherence is applied. Figure 4 shows that there is a
dominant coherence value for 16-32 days between October and November, and for 8 to 32 days
between December 2015 and March 2016. The same period of days occurs between January
and March 2016 (180-275 days). Between mid-January and early April 2016, the significant
coherence value occurs for 2 to 8 days and persists across January-April 2016, in 200-210 days,
216-224 days, 220-240 days, 250-270 days, and 280-290 days. Larger and more extensive
regions are protruded in WTC compared with XWT, with a more significant area showing the
anti-phase relationship between temperature and pressure.
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Figure 4. Wavelet coherence between minimum temperature and pressure time series

Both XWT and WTC show significant power sections in the 8–16-day period, and less
significant in the 4–8-day period. A more continuous coherence between temperature and
pressure in the 8–32-day period is shown in WTC, but not in XWT. This indicates that pressure
influences temperature mainly in the 8–16-day period between December 2015 and March
2016, as both XWT and WTC show the 8–16-day period with an antiphase relationship
between temperature and pressure because of the arrows pointing to the left in both figures.
That is, temperature decreases with increasing pressure.
The wavelet power spectrum of the daily minimum temperature and mean relative humidity in
Hong Kong over a period of 12 months (July 2015-June 2016) is presented in Figures 1 and 5,
respectively. For relative humidity, there are significant oscillations of 4 to 16 days in
December and between mid-January and February 2016, and 8 to 16 days in March 2016. The
two time series both have a significant peak of 8-16 days across December 2015 to March 2016.
Yet the low similarity between the two portrayed patterns cannot prove whether this is merely
a coincidence; therefore, cross-wavelet transform (XWT) is used to solve this problem.
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Figure 5. Wavelet power spectrum for mean relative humidity fluctuation

Figure 6. Cross-wavelet transform between minimum temperature and mean relative humidity
time series

It is noted in Figure 6 that there is significant common power in the 8–16-day period in
December 2015 and March 2016. There is another strong and significant oscillation in the 4–
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16-day period from mid-January to mid-February 2016. Less significant oscillations in the 4–
8-day period are found consistently from December 2015 to March 2016. The significant
power areas in the XWT show that the daily minimum temperature and relative humidity are
in-phase across all scales with significant common power; thus, we can assume that the changes
in relative humidity and temperature are correlated. The cross-wavelet power reveals the
strong linkage between temperature and relative humidity.

Figure 7. Wavelet coherence between minimum temperature and mean relative humidity time
series

The large circular standard deviation in the cross-wavelet power makes it difficult to arrive at
a firm conclusion. Therefore, wavelet coherence is applied. Figure 7 shows that there is a
dominant coherence value in the period of 8–16 days between mid-November 2015 and March
2016, and there are persistent dominant coherence values in the period of 4–8 days across
November 2015 to March 2016, in 120-130 days, 145-155 days, 170-180 days, 200-210 days,
and 225-235 days. Arrows inside the thick contour are pointing right during winter months
and left in summer months. Larger and more extensive regions are protruded in WTC
compared with the XWT, with a more significant area showing the in-phase relationship
between temperature and relative humidity in winter. Therefore, temperature will decrease
with decreased relative humidity.
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Both XWT and WTC show significant power sections in the 8–16-day period. XWT shows a
less significant power section in the 4–8-day period than WTC. This indicates that relative
humidity influences temperature mainly in the 8–16-day period between December 2015 and
March 2016, as both XWT and WTC show the 8–16-day period with an in-phase relationship
because of the arrows pointing to the right in both figures in winter. That is, temperature
decreases with decreasing relative humidity.
The above wavelet analysis indicates that there are significantly more synoptic weather patterns
in winter than in summer. This could be due to the influence of the winter monsoon, bringing
cold air masses to Hong Kong. A similar pattern is also found in the standard deviation of
daily temperature.

Table 1. Standard deviation of daily minimum temperature
2015
2016
Jul
Aug Sep Oct Nov Dec Jan Feb
SD of 1.47 1.08 0.78 1.65 2.61 3.54 4.08 2.58
daily
83
34
43
31
94
17
79
36
minimu
m
tempera
ture

Mar
2.68
95

Apr
1.75
85

May Jun
1.75 1.55
85
50

As shown in the above table, daily minimum temperature in winter (November-March) has an
average SD of 3.1044, while summer (April-October) has an average SD of 1.439. Winter
generally has a higher SD for temperature compared with other seasons, showing that winter
has an unstable weather pattern with more dramatic temperature fluctuations than summer, as
winter is normally drier. Water in the atmosphere absorbs and transfers heat through
circulation. With drier winter air, water is less effective as a heat sink, and hence it is easier to
radiate heat to space, leading to faster cooling. Therefore, this pattern is concluded to be a
seasonal variation.
The correlation between temperature and increasing pressure and decreasing humidity, which
led to the subsequent cold-air intrusion events in the 2015/16 winter in Hong Kong, could be
explained by the following potential factors.
3.2 Possible factors explaining the occurrence of the cold period in Hong Kong
We will focus on the 2015/16 winter in this study, so the data from January to March 2016 will
be considered.
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Table 2. January 2016
Mean daily maximum air 17.8 °C
temperature
Mean air temperature
Mean daily
temperature
Total rainfall
Mean pressure

minimum

0.8°C below normal*

16.0 °C

0.3°C below normal*

air 14.4 °C

0.1°C below normal*

2669.9 mm

242.2 mm above normal*

1020.4 hPa

0.1 hPa above normal*

* Departure from 1981 - 2010 climatological normal

Table 3. February 2016
Mean daily maximum air 18.2 °C
temperature
Mean air temperature
15.5 °C

0.7°C below normal*
1.3°C below normal*

Mean daily minimum air 13.4 °C
temperature
Total rainfall
24.8 mm

1.6°C below normal*

Mean pressure

3.7 hPa above normal*

29.6 mm below normal*

1022.2 hPa

* Departure from 1981 - 2010 climatological normal

Table 4. March 2016
Mean daily maximum air 20.0 °C
temperature
Mean air temperature
17.5 °C
Mean daily minimum air 15.47 °C
temperature
Total rainfall
148.7 mm
Mean pressure
1017.7 hPa
* Departure from 1981 - 2010 climatological normal

Table 5. Number of cold days in 2016
January
February
7
10

March
3
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1.4°C below normal*
1.6°C below normal*
1.5°C below normal*
66.5 mm above normal*
1.5 hPa below normal*

December
1

3.2.1 Transition of Arctic Oscillation from positive to negative

Figure 8. Monthly Arctic Oscillation index of 2015-2016 (Physical Sciences Laboratory)

During the super El Niño event of 2015/16, there was a rapid phase reversal of the Arctic
Oscillation (AO) from positive to negative in early January. In the remarkable phase transition
indicated in Figure 8, generated by the Physical Sciences Laboratory, the AO index reached a
maximum of almost 2 in November and dropped vigorously from 1.5 to -1.5 between
December and January. This result matches the explanations in the literature of the super El
Niño event in 2015. This AO phase transition was formed by interaction between the El Niño
event and the southward movement of the annual subtropical jet cycle, thus strengthening the
Siberian High and leading to the southward intrusion of cold air to Hong Kong in January 2016.

3.2.2 Amplification of Siberian High
In early winter 2015/16, the absence of strong westerly flow associated with the blocking
events was due to the predominant positive phase of the AO, whereas blocking events were
found over Asia and North America in early January 2016 at the same time. The large
discrepancy in the blocking frequency in the Northern Hemisphere between December and
January was affected by the sharp phase transition of the AO from positive to negative.
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(a)

(b)

(c)

(d)

Figure 9. Monthly mean sea level pressure (mb) in (a) November 2015, (b) December 2015,
(c) January 2016, and (d) February 2016 (Physical Sciences Laboratory)

The plot of mean seal level pressure (MSLP) from November 2015 to February 2016 illustrates
the increasing area and intensity of high atmospheric pressure over central Siberia. The
Siberian High was amplified associated with the blocking event over Ural-Siberia. As shown
in Figure 9, the SH intensity amplified after November and reached its strongest intensity, with
an MSLP of 1040 hPa, in January 2016 (Figure 9c) and then decreased after that. The extreme
cold wave that occurred in late January 2016 can be explained because of the snow cover in
Eurasia in October, which was the fifth highest on record since 1972; also, the low sea ice in
the Barents-Kara Sea in November 2015 favored the strengthening of the UBH and amplified
the SH. This was accompanied by increased poleward heat flux, leading to the negative phase
of the AO. A lower-than-normal temperature was associated with this in many parts of the
world, including the eastern US, northern Europe, and East Asia, bringing cold temperatures
across the Northern Hemisphere mid-latitudes. Therefore, the record extreme cold wave and
low SAT over Hong Kong in late January 2016 was due to the extreme amplified UBH and SH
during the warm Arctic winter in late 2015.
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3.2.3

Winter monsoon and cold front

The replenishment of the winter monsoon from January to March could have contributed to
the synoptic influence on the frequent occurrence of the cold period. The winter monsoon in
Hong Kong is generally called the northeast monsoon. Humidity usually decreases with the
northeast monsoon as cooler temperatures are brought to the south China coast.
The monthly mean temperature in January was fairly normal, but the monthly rainfall was ten
times the normal amount, as shown in Table 1. Warmer than average weather was recorded in
the first three weeks, but there was an intense cold surge in the week of 22-28 January.
At the beginning of January, the weather was fine and dry. With the arrival of the northeast
monsoon to the coast of Guangdong, the temperature dropped slightly on 12-13 January. Then,
a rainband arrived with the upper-air disturbance, bring a huge amount of rainfall and a cold
front to Hong Kong during 15-17 January. The intense cold surge starting on 22 January can
be explained by the Siberian High discussed above, which caused cold air to extend southward
across China to the coast of Guangdong. It is observed that the tight surface pressure gradient
on the south China coast on 22 January. The wind and cold surge along with rain from the
north came to Hong Kong because of the approach of a low-level shear line; thus temperature
measured by the HKO showed a sharp decrease of around 5 degrees Celsius on 22 January.
The highest mean sea level pressure of 1037.7 hPa was recorded on 24 January, as shown in
Figure 10 below. The northerly winds brought a dry air mass to Hong Kong, leading to a
substantial decrease in relative humidity to 40% (Figure 11). Cool weather persisted until the
end of January due to the effect of the northeast monsoon.
After the intense cold period of 22-27 January, the temperature rose but then fell again in the
first week of February due to the recurrence of the winter monsoon. The arrival of the dry air
from the north gave rise to a substantial decrease in relative humidity to 30% (Figure 1). A
cold front from the coast of Guangdong arrived in Hong Kong in mid-February and another
winter monsoon came along with the continental airstream in late February, bringing cold and
dry weather to Hong Kong. The replenishment of the winter monsoon in February contributed
to the frequent occurrence of the cold period during 1-9 February, 15-18 February, and 23-26
February.
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Figure 10. Time series of sea level pressure from 22 January to 24 January (ENVF
Atmospheric & Environmental Database of the HKUST)

Figure 11. Time series of relative humidity from 22 January to 26 January (ENVF Atmospheric
& Environmental Database of the HKUST)
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Figure 12. Time series of relative humidity from 4 February to 8 February (ENVF Atmospheric
& Environmental Database of the HKUST)

March 2016 had a cooler than normal monthly mean temperature of 17.5 degrees Celsius, as
shown in Table 4, under the influence of the northeast monsoon. On 9 March, an intense
northeast monsoon associated with a cold front and easterly wind brought cold weather to Hong
Kong that lasted for a week. Another passage of a cold front on 24 March caused the following
days to remain cold, with relative humidity below 30% (Figure 13).

Figure 13. Time series of relative humidity from 24 March to 28 March (ENVF Atmospheric
& Environmental Database of the HKUST)
18

4

Discussion & Conclusion

This paper describes the weather anomalies that occurred in the 2015/16 winter in Hong Kong.
The 2015-16 super El Niño event brought remarkable global impacts, yet several abnormal
cold periods occurred in late winter 2016 in Hong Kong in this warm year. In late January
2016, a rare and intense cold surge event occurred in Hong Kong, with a record low
temperature of 3.1 degrees Celsius. From wavelet analysis, the correlations between
temperature and pressure and between temperature and relative humidity are demonstrated.
Low temperatures in the cold periods in Hong Kong are associated with higher pressure and
lower relative humidity. These results suggest that the following three possible factors could
be responsible for this extreme event. First, the AO made a sudden phase transition from
positive to negative between December and January and brought the strong burst of cold air
from the polar region. Second, the persistent upper-level blocking event established over UralSiberia in December and January, resulting in the amplification of the Siberian High. The cooccurrence of the blocking pattern and the change to the negative phase of the AO resulted in
the southward intrusion of cold air across China and very likely was a potential cause of the
anomalous cold events in Hong Kong. Third, the active replenishment of the northeast
monsoon and cold fronts brought a continual flow of dry cold air from north China to Hong
Kong, causing cooling over the region. This factor supports the findings of the synoptic
occurrence of a short cold period in the XWT and CWT. The northerly wind associated with
cold air over Hong Kong accounts for the pressure increase and relative humidity decrease
during the cold periods. Hence, temperature and pressure are negatively correlated, while
temperature and relative humidity are positively correlated.
It is generally suggested that global warming will lead to warmer winters, which has been the
trend in recent decades; however, extremely cold winters do not mean that global warming is
over. Extreme climate changes such as the 2015/16 cold snaps are another phenomenon
indicating the existence of global warming. An analysis of the factors leading to the occurrence
of cold periods should provide better long-term weather prediction; more accurate weather
forecasts of winter anomalies will minimize their impacts and related risks to society in the
future.

Acknowledgment
This study was supported by my Project Supervisor, Prof. Wen Zhou, who provided the
valuable opportunity to do this study and gave me insightful comments, practical advice, and
guidance that have helped me a lot in the research; in addition, Hong Kong Observatory
provided the data and the idea for the study.

19

References
Cheung, H. N., W. Zhou, Y. P. Shao, W. Chen, H. Y. Mok, and M. C. Wu, 2013: Observational
climatology and characteristics of wintertime atmospheric blocking over Ural-Siberia. Climate
Dynamics, 41, 63-79.
Cheung, H. N., W. Zhou, H. Y. Mok, and M. C. Wu, 2012: Relationship between Ural-Siberian
blocking and the East Asian winter monsoon in relation to the Arctic oscillation and the El
Niño-Southern Oscillation. Journal of Climate, 25, 4242-4257.
Cheung, H. N., W. Zhou, S. M. Lee, and H. W. Tong, 2015: Interannual and interdecadal
variability of the number of cold days in Hong Kong and their relationship with large-scale
circulation. Mon. Wea. Rev., 143, 1438-1454.
Cheung, H. N., and W. Zhou, 2015: Implications of Ural blocking for East Asian winter climate
in the CMIP5 models. Part I: Biases in the historical scenario. Journal of Climate, 28, 22032216.
Cheung, H. N., and W. Zhou, 2015: Implications of Ural blocking for East Asian winter climate
in the CMIP5 models. Part II: Projection and uncertainty in future climate conditions. Journal
of Climate, 28, 2217-2233.
Cheng, H. N., W. Zhou, Y. T. Leung, C. M. Shun, S. M. Lee, and H. W. Tong, 2016: A strong
phase reversal of the Arctic Oscillation in midwinter 2015/16: Role of the stratospheric polar
vortex and tropospheric blocking. J. Geophys. Res. Atmos., doi:10.1002/2016JD025288.
Cheung, H. N., and W. Zhou, 2016: Simple metrics for representing East Asian winter
monsoon variability: Ural blocking and western Pacific teleconnection pattern. Advances in
Atmospheric Sciences, 33, 695-705.
Grinsted, A., Moore, J. C., & Jevrejeva, S, 2004: Application of the cross wavelet transform
and wavelet coherence to geophysical time series. Nonlinear Processes in Geophysics, 11(5/6),
561–566., doi: 10.5194/npg-11-561-2004
Leung, Y. T., and W. Zhou, 2015: Vertical structure, physical properties and energy exchange
of the East Asian trough in boreal winter. Climate Dynamics, 45, 1635-1656.
Leung, Y. T., and W. Zhou, 2015: Variation of circulation and East Asian climate associated
with anomalous strength and displacement of the East Asian trough. Climate Dynamics, 45,
2713-2732.

20

Leung, Y. T., H. N. Cheung, and W. Zhou, 2015: Energetics and dynamics associated with two
typical mobile trough pathways over East Asia in boreal winter. Climate Dynamics, 44, 16111626.
Leung, Y. T., and W. Zhou, 2016: Direct and indirect ENSO modulation of winter temperature
over the Asian–Pacific–American region. Scientific Reports, doi:10.1038/srep36356.
Leung, Y. T., and W. Zhou, 2016: Eddy contributions at multiple timescales to the evolution
of persistent anomalous East Asian trough. Climate Dynamics, 46, 2287-2303.
Muchebve, E., Nakamura, Y., & Kamiya, H., 2018: Use of Wavelet Techniques in the Study
of Seawater Flux Dynamics in Coastal Lakes. Wavelet Theory and Its Applications, doi:
10.5772/intechopen.75177
Zhou, W., J. C. L. Chan, W. Chen, J. Ling, J. G. Pinto, and Y. P. Shao, 2009: Synoptic-scale
controls of persistent low temperature and icy weather over Southern China in January 2008.
Mon. Wea. Rev., 137, 3978-3991.

21

