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RESEARCH ARTICLE

Projection of Sea Surface Temperature Based on
Empirical Mode Decomposition and Its Application
in Typhoon Number Forecast

Wen-Cheng Huang*, Jung-Chen Lee

Department of Harbor and River Engineering, National Taiwan Ocean University, Keelung, Taiwan, ROC

Abstract

The primary objective of this paper is to demonstrate the applicability of empirical mode decomposition (EMD) in
projecting non-stationary daily sea surface temperature (SST) series, and the other is to apply the projected series of SST
to estimate the number of typhoons. The study focuses on an area ranging from 5°N~25°N and 110°E~170°E, collecting
daily sea temperature data and typhoons records within this region. The findings conclusively indicate that the EMD-
based data generation method proposed in this paper can effectively addresses the limitations of previous hydrological
models in generating non-stationary series, signifying a significant advancement in hydrological time series modeling
for data generation. Furthermore, the study demonstrates the feasibility of using a combination of EMD synthesis and

statistical regression analysis to assess typhoon frequency.

Keywords: Empirical mode decomposition, Sea surface temperature, Number of typhoons, Non-stationary series, Data

generation

1. Statement of the problem

I n system analysis, an extensive dataset is often
employed for system simulation to assess the
credibility of the system [1-3]. For instance, in
reservoir operations [4—6], formulating reservoir
operating rules based on the incoming water
sequence is essential. However, data collection is
often constrained by observation periods. Therefore,
hydrologists initially employ time-series modeling
to reproduce data, expanding the range of potential
hydrological sequences to ensure system reliability.
It is crucial to note data reproduction assumes the
historical data belongs to a stationary sequence,
where statistical characteristics remain constant
over time. For instance, the widely used
Box—Jenkins model leverages time series correla-
tion for data generation or forecasting [7]. In the
case of seasonal hydrological phenomena, statistical
characteristics differ across seasons, constituting a

non-stationary sequence. Nevertheless, data can be
transformed into a stationary state through data
standardization techniques, as demonstrated by the
Thomas-Fiering model [1,7,8].

However, as a result of environmental changes,
numerous hydrological variables such as rainfall,
flow, temperature, evaporation, etc., are undergoing
gradual transformations characterized by increasing
or decreasing trends. While the ARIMA model [6]
can smooth and forecast this non-stationary time
series data, it is incapable of generating data.
Therefore, when data generation is necessary in
research, system analysis must first address the
challenge of reproducing sequences with non-
stationarity.

The gradual increase in sea surface temperature
(SST) due to the effects of climate change is already
highly significant [8—12]. If SST data is intended for
related research but subject to changes in statistical
characteristics, employing the Box—Jenkins model
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for data generation becomes feasible. Additionally,
when examining the relationship between seawater
temperature and typhoon frequency, this study en-
counters non-stationary seawater temperature se-
ries. Hence, this article aims to propose a novel
method for synthesizing non-stationary data and
applying it to the estimation of typhoon numbers.
The proposed approach in this paper involves uti-
lizing Empirical Mode Decomposition (EMD) as a
non-stationary sequence generation method to
achieve this research objective.

2. Typhoon affecting Taiwan

Typhoons have a significant impact on human
survival! Taiwan experiences an average annual
rainfall of 2515 mm, with approximately 52%
occurring during the typhoon season from July to
October. Being situated along the western Pacific
typhoon path, Taiwan typically encounters an
average of 4 typhoons each year, which also brings
substantial rainfall that affects the region [13].

For instance, a severe drought struck northern
Taiwan from March to June 2002, resulting in a
serious water shortage in the Taipei metropolitan
area. The entire irrigated area in Taoyuan, covering
35,000 ha, was left fallow, and the Hsinchu Science
Park (Taiwan's Silicon Valley) faced a dire shortage
of industrial water. By the end of June, both the
Shimen and Feitsui Reservoirs had completely
depleted their water reserves. Thankfully, Typhoon
Rammasun arrived on July 2, delivering abundant
rainfall. Over the course of two days, the catchment
area received 443 mm of rainfall for two days,
rapidly alleviating the drought conditions.

In contrast, Typhoon Morakot, which struck on
August 8, 2009, unleashed over 2000 mm of rainfall
to southern Taiwan within a span of 72 h, resulting
in 681 fatalities, 18 missing individuals, and agri-
cultural losses amounting to 20 billion Taiwan dol-
lars. The catastrophic event also led to the
accumulation of approximately 100 million cubic
meters of silt in Zengwen Reservoir and Nanhua
Reservoir, exacerbating the severity of the overall
disaster. Consequently, typhoon research has al-
ways been a critical focus in Taiwan. Typically,
typhoon research encompasses four areas: path
research, cause research, intensity research [14,15],
and investigations into the relationship between the
climate and typhoons [16].

Responding to public and media interest, pre-
dictions of typhoon numbers have become increas-
ingly prevalent. Currently, statistical methods are
commonly employed for seasonal forecasts of trop-
ical cyclones in the Western North Pacific [17,18].

This study will utilize statistical methods for fore-
casting as well. However, the focus of this study is
on annual rather than seasonal forecasting of ty-
phoons numbers. The analysis process for this study
involves: (1) gathering daily sea temperature and
typhoon data; (2) employing regression analysis to
examine the relationship between selected factors
and the number of typhoons; (3) utilizing the EMD-
based data generation method to project the sub-
sequent year's daily seawater temperature series; (4)
forecasting the number of typhoons expected to
occur in the western Pacific the following year based
on the projected SST sequences through regression
analysis.

3. Data collection

3.1. Number of typhoons

This study gathered typhoon data from Taiwan's
Central Weather Bureau typhoon database (https://
rdc28.cwb.gov.tw/), encompassing the period from
1958 to 2019, which yielded a total of 1617 typhoons
in the Western Pacific. Fig. 1 depicts the geograph-
ical distribution of these typhoons. Notably, 1444
typhoons occurred within the designated area of
(5°N~25°N and 110°E~170°E), constituting approxi-
mately 89%. In Taiwan specifically, 98% of typhoons
that prompt land warnings are concentrated within
this region (5°N~25°N and 110°E~170°E), thereby
serving as the focus of this study regarding typhoon
impact on Taiwan.

3.2. Daily sea surface temperature (S5ST)

The sea temperature data utilized in this study were
sourced from the International Comprehensive
Ocean-Atmosphere Data Set (ICOADS) (https://
icoads.noaa.gov/) provided by the National Oceanic
and Atmospheric Administration (NOAA). This
database encompasses ocean surface data spanning
from 1800 to the present, with a resolution of 1° x 1°
since 1960. For this research, approximately 3.8 million
daily sea temperature data points were collected from
1969 to 2018. The average daily sea temperature value
across all points with the designated area of
(5°N~25°N and 110°E~170°E) was adopted as the
representative daily sea temperature value.

4. Preliminary study
4.1. Changes in the number of typhoons

Based on the analysis of typhoon occurrences from
1958 to 2019 (Fig. 2), employing the Mann—Kendall
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Fig. 1. Locations of typhoons in the Western Pacific from 1958 to 2019.

trend test or autocorrelation function test at a signif-
icance level of 5%, it is evident that the number of
typhoons has exhibited no discernible increase or
decrease over the past 62 years. This indicates that the
frequency of typhoons represents an independent
sequence. Furthermore, examining the monthly

distribution of typhoons (Fig. 3a), it is observed that
typhoons predominantly transpire from July to
October, constituting approximately 69% of the
annual count. The Mann—Kendall test confirms the
absence of any notable upward or downward trend in
the monthly frequency of typhoons.
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Fig. 3. (a) Monthly distribution of typhoons in the Western Pacific from 1958 to 2019; and (b) monthly distribution of land typhoon warnings issued

by Taiwan from 1958 to 2019.

Assuming that the occurrence of typhoons follows
a Poisson process, where typhoon events can tran-
spire randomly at any time, the average number of
typhoon occurrences per year is v = 26.08 times/
year. Fig. 4 illustrates the probability mass function
(PMF) for the number of typhoons in a year.
Notably, in the Western Pacific, the probability of
experiencing 26 or more typhoons in a year amounts
to 53%. Additionally, the average number of ty-
phoons in the months from July to October are 4.2,
5.3, 5.0, and 3.6, respectively, with probabilities of
having 4 or more typhoons per month equaling 0.60,
0.75, 0.72, and 0.49, respectively.

Contrasting with the Western Pacific region,
Taiwan issued a total of 248 land typhoon warnings
from 1958 to 2019, with 98% of them occurring be-
tween 5°N~25°N and 110°E~170°E. As depicted in
Fig. 3b, there were no typhoons affecting Taiwan
from January to March, while the typhoon season
(July to October) witnessed 208 typhoons, account-
ing for 84% of the overall count. On average, Taiwan
experiences v = 4 typhoons per year, with 1.0, 1.2,
0.9 and 0.3 on average from July to October,
respectively. According to the Poisson process, the
probability of experiencing 4 or more typhoons in
Taiwan within a year reaches 57%, while the prob-
abilities of typhoons from July to October are 0.62,
0.70, 0.58, and 0.26, respectively.

4.2. Changes in sea surface temperature

The average annual sea surface temperature
changes from 1969 to 2018 demonstrates a signifi-
cant increase in the western Pacific (Fig. 2), as
confirmed by the Mann—Kendall trend test, even at
a 1% significance level. Notably, substantial rise in
sea temperature occurred after 2014.

Fig. 5 showcases the distribution of interquartile
ranges for sea temperature in each month. Sea
temperatures from January to March predominantly
remain below 26.5 °C, potentially indicating the
threshold for tropical cyclone formation. Corre-
spondingly, as observed in Fig. 3a, the occurrence of
typhoons during this period is limited, comprising
only 5% of the total. Conversely, sea temperatures in
July are the warmest of the year, with lower quartile,
median, and upper quartile values of 29.13 °C,
29.22 °C and 29.52 °C, respectively. The highest and
lowest sea temperatures are 30.02 °C and 28.57 °C,
respectively.

Fig. 6 illustrates the monthly average temperature
changes. It is evident that the sea surface tempera-
ture exhibits a prominent upward trend on a yearly
basis, particularly during the low temperature
period. For instance, from 2014 to 2018, there was a
temperature increase of more than 1.7 °C in January,
February and March.

Furthermore, examining the daily SST variation,
the minimum daily variation of SST from 1969 to
2014 was not significantly notable, with a range of
2425 °C (refer to Fig. 2). These temperatures were
primarily observed between December and March
of the following year, with approximately 59%
occurring in February. However, after 2014, a
distinct rapid temperature increase became
apparent, specifically in February. The recorded
high-temperature surged from 25.86 °C in 2015 to
27.06 °C in 2018. The underlying reasons for this
phenomenon warrant further investigation by re-
searchers. Conversely, the annual maximum daily
SST variation exhibits a significant increasing trend
(see Fig. 2), occurring between June and October,
with July accounting for 38% and August accounting
for 26% of the occurrences.
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Based on the data, from 1969 to 2018, there were
1131 typhoons that occurred in the [5°N~25°N,
110°E~170°E] region when the initial daily SST was
between 25 °C and 31.5 °C. The quartiles for the
initial SSTs are 28.33 °C (lower), 28.91 °C (median)
and 29.30 °C (upper). This means 75% of typhoons
have an initial sea surface temperature higher than
28.33 °C.

4.3. Statistical methods for estimating the number
of annual typhoons

Various factors can influence the formation of ty-
phoons, such as sea temperature, convective insta-
bility, relative humidity, vertical wind shear,
Coriolis force, and relative vorticity [19—23]. Since
seawater temperature plays a significant role in
typhoon formation, and consecutive high-tempera-
ture days can facilitate typhoon development, this
study considers daily sea surface temperature and
the number of consecutive days exceeding a
threshold temperature as key factors. Regression
analysis using statistical methods will be employed
to analyze the relationship between these factors
and the number of typhoons. The variables selected
for analysis are defined as follows:

Dmux

X1 = D (1)
N,

y——2 2
N, (2)

Dpmax: The maximum number of consecutive days
greater than the cutting temperature in a year;
D: Days of a year (D = 365);

N,: The number of typhoons that occurred during
the maximum number of consecutive days in a year;
Nr: The total number of typhoons that occurred in
[5°N~25°N, 110°E~170°E] in one year.

Based on the operational theory [7], the quartiles
of the initial temperature (28.33 °C, 2891 °C,
29.30 °C) that give rise to typhoons can be used as
threshold levels. By calculating the values of X; and
Y above the threshold temperature for each year, a
correlation can be established between the two
variables. This article focuses on simple linear
regression to investigate the relationship Y = £ (Xy).

However, for the Y = f (X;) relationship, the
dependent variable Y (i.e. N,/Nr) is the percentage
of typhoon occurrences, not the total number of
typhoon occurrences (Nt) in the year. Therefore, it
becomes necessary to further explore the relation-
ship between N, and Y, denoted as N, = f(Y). In
practical application, Y can be estimated from the
independent variable X; first, then N, can be
determined from Y, and finally Nt can be obtained.

4.4. Regression-based results

Initially, a simple linear regression is performed
using the typhoon records from 1969 to 2018. The
resulting model serves as calibration, which is then
used to project the potential number of typhoons
based on the EMD reproduction sequence. The
historical records are used to verify the projected
number of typhoons.

Regression analysis is conducted the daily SST for
a given year, the specified threshold value, and the
corresponding number of typhoons that occurred in
that year. Based on the data from 1969 to 2018, Fig. 7
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Table 1. Regression results under different sea temperature thresholds.

Threshold Y =£(Xq) R? N, = £(Y) R?

28.33 °C Y = 1.4532X;+0.1093 0.7756 N, = 21.423Y+0.6328 0.7301
28.91 °C Y = 1.7937X;+0.0158 0.9125 N, = 21.173Y+0.2223 0.9088
29.30 °C Y = 1.9188X;-+0.0092 0.9601 N, = 22.891Y-0.0980 0.9651

X;i: percentage of the maximum number of consecutive days in a year (see Eq. (1)).

Y: percentage of typhoon occurrence in the maximum number of consecutive days (see Eq. (2)).
N,: number of typhoons that occurred during the maximum number of consecutive days in a year.
R?: coefficient of determination.
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different sea temperature thresholds. For a threshold
of 28.33 °C, it lies within 1/365=X; = 223/365 and
22 =Nt = 27. With a threshold of 28.91 °C, the range
is 1/365=X; = 200/365 and 21 =Ny = 32. At29.30 °C,
the feasible range is 1/365=X; = 188/365 and
16=Nr = 23.

Notably, the estimated range of the number of
typhoons using the 28.33 °C threshold falls within
the estimated range of 28.91 °C. Conversely, the
feasible range of typhoon occurrences at 29.30 °C
differ significantly from that at 28.91 °C. The usable
range for estimating typhoon frequency based on
both thresholds is 16 =Nt = 32, which aligns closely
to the historical record range. Therefore, this study
will utilize both the 28.91 °C and 29.30 °C thresholds
to estimate the number of typhoons.

5. Briefing of empirical mode decomposition

Based on regression analysis discussed earlier, it
is evident that if the annual daily sea temperature
change is provided, the regression relationship can
be employed to estimate the potential number of
typhoons in that year. However, the daily sea tem-
perature exhibits non-stationary behavior and
cannot be generated using conventional hydrologi-
cal models like ARIMA. This article focuses on the
utilization of EMD to generate non-stationary SST
sequences and predict the number of typhoons
based on the regression relationship.

In order to gain a deeper understanding of the
characteristics of daily sea temperature data, this
study utilizes EMD to partition the historical daily
sea temperature data into multiple intrinsic mode
functions (IMFs) and a residue. The IMF must
satisfy two conditions: (1) Throughout the entire
dataset, the number of extremum points (local
maxima and minima) must be equal or differ by at
most one from the number of zero-crossing points;
(2) At any given point in time, the mean value of the
upper envelope defined by the local maxima and
the lower envelope defined by the local minima
must be zero [24,25]. In essence, the original sea
temperature data SST(t) can be decomposed into the
sum of p IMFs and a residual r(t). That is,

SST(t) = XP:IMFi(t) +r(t)Vi 3)

Where the number p of IMFs is approximately equal
to (logon)-1 [26]. The residue is a monotonic function
or the residual is at most one extreme. This will
show the changing trend of daily sea temperature.

Since the length of daily data over a period 50
years is 18,250, up to 13 IMFs and 1 residue can be

decomposed. Fig. 8 illustrates IMF1, IMF7, IMF13
and the residue. The plot clearly demonstrates a
gradual increase in the residual from 27.30 °C to
28.25 °C. This indicates a progressive upward trend
in daily sea temperature, with an average annual
increase of 0.019 °C. Table 2 provides information
on the period and weight of each IMF. The period
exhibits a consistent increase with each IMF level.
Analyzing the weight variations reveals that IMFs
with a period of less than one-year account for
96.8% of the total, implying that IMF1~IMF7 exert
the most influence on the data reorganization.
Notably, IMF7 has an average period of 365.5 days
(equivalent to one-year), and a weight as high as
90.2%. Hence, IMF7 plays a dominant role in the
data reconstruction process. Additionally, Fig. 8 il-
lustrates that the cumulative value of IMFs and
residue closely approximates the original sea sur-
face temperature data. The discrepancy between the
two generates an error signal characterized as white
noise with a mean of zero and finite variance. The
definition of the weight is as follows [26]:

E=) |Affori=1,2,..,p (4)
vt
E;
Wi_ZEi (5)
Vi

Where |A¢{| = vertical distance of the IMF value;
E; = total energy; W; = weight of energy.

Historical records indicate a significant rise in sea
surface temperatures since 2014. Fig. 8 further il-
lustrates that the trough of IMF7 has continued to
rise after 2014, with the peak and trough getting
closer together. Given that IMF7 plays a leading role
in the data reconstruction process (as shown in
Table 2), the cumulative effect of IMFs contributes to
higher SSTs post-2014.

Analyzing the amplitude change of IMF7 reveals
that the peak and trough amplitudes were close to
+2 °C from 1969 to 1997. From 1998 to 2014, the
distance between the peak and trough reduced but
still remained close to +2 °C. However, from 2015 to
2018, the peak and trough amplitudes decreased
significantly, and fluctuated between +1.5 °C. The
pattern in IMF7's amplitude closely mirrors the
change in annual sea temperatures from 1969 to
2018. Historical data indicates that the average
annual sea temperature was 27.54 °C from 1969 to
1997, which rose to 27.89 °C from 1998 to 2014, and
then experienced a rapid increase from 28.12 °C in
2015 to 28.79 °C in 2018. The reduced amplitude of
IMF7 indicates a convergence between high tem-
perature and low temperatures. If the contrast
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Fig. 8. Decomposition of 50-year daily SST by EMD.

be taken seriously moving forward. Fig. 2 also il-
lustrates this phenomenon, where the maximum

e marine ecological envi-
daily SST after 2014 remained between 30 °C and
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Table 2. Results of 50-year daily SST data by EMD.

IMF Period (days) Weight (%)
IMF1 2.90 1.12
IMF2 5.73 1.04
IME3 11.15 0.91
IMF4 22.09 0.77
IMF5 43.76 0.80
IMFé6 100.35 2.03
IMF7 365.52 90.15
IMF8 710.21 1.26
IMF9 1459.81 0.58
IMF10 3107.59 0.65
IMF11 7940.18 0.68
IMF12 12066.70 0.01
IMF13 N/A 0.00

30.5 °C, while the minimum daily SST rapidly rose
from 24 °C to 27 °C.

6. Concept of SST data synthesis

The main focus of this paper is to predict the
number of typhoons based on the projected SST
series. In a previous study, the authors proposed a

JOURNAL OF MARINE SCIENCE AND TECHNOLOGY 2023;31:157—172

generation method suitable for non-stationary se-
quences [26]. Given the evident non-stationary
characteristics of sea temperature, this study em-
ploys EMD for data reproduction. The steps of the
data synthesis proposed are illustrated in Fig. 9a:

(1) The original data is divided into L parts, with
each part containing data from h years, equiva-
lent to the length of the synthetic data.

(2) EMD is applied to each data part to obtain p
IMFs and 1 residue, where p ranges between
logon — 1 and logon [25], and n represents the
sample size of the data.

(3) Assuming similarity in the IMFs and residue of
each part, the parts can be interchanged with
each other. This results in a total of L®™
sequence combinations that can be reproduced.

In this study, the proposed concept of data gen-
eration is applied to the synthesis of one-year SST
data, with h = 1. Additionally, the synthesis is per-
formed in a 5-year moving process, as depicted in

h 2h 3h (L-1h Lh
g h h B | e h h
1| P |t | paonman »
. p— T TRy E
3 A~ \/\N\N\IU\] Vadaaada s 3 A /\,W\,\ N\/\\
Residue ’\\ \_ ’_/ !\ \
(a)
Projection
1 2 3 4 5 6 7 8 9 10 - year
[ I l
Projection
(b)

Fig. 9. Concept of SST data synthesis; and (b) projection based on a 5-year moving process.
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Fig. 9b, resulting in L = 5. The following exploration
investigates whether the characteristics of the IMF
and residue are similar for each year and examines
the changes in the properties of the sequences
produced through the mutual exchange of each
year.

6.1. Characteristics of annual daily SST data
decomposed by EMD

Based on the SST data spanning from 1969 to 2018,
it can be divided into 50 1-year-long daily sea tem-
perature series. Leap years are not considered in the
study, so there will be 365 data points for one year.
Applying EMD to these series, the number of SST
samples per year (n) can be decomposed into 7 IMFs
and 1 residue. The decomposition results for each
year exhibit similarities in both the IMF cycle and
the weight distribution compared to the 50-year
decomposition. Fig. 10 presents the IMF cycles and
weights of the SST data for each year. Since the 1-
year data can only be decomposed into 7 IMFs, the
cycle of the 7th IMF may not be less clear, but its
trend suggests similarity to the 365-day cycle
observed in the 50-year IMF7. Furthermore, the
average weights for 50 1-year IMF7 is 0.70, indi-
cating its dominant position in data synthesis, while
IMF6 accounts for 0.15, and IMF1 to IMF5 contribute
0.03 each. As for the residues, the variations follow a
quadratic function. The annual residues exhibit
striking similarities (refer to Fig. 11). Over the course
of 50 years, the daily sea temperature has changed
from 24 °C to 29 °C with seasonal variations, and
higher temperatures primarily occurring in sum-
mer. However, the residues after 2014 show a
notable increase, particularly in 2018, where the
residues reach their peak, with the highest value
reaching 30 °C. These higher residues further indi-
cate the ongoing rise in sea temperature post-2014.

Quartiles of the period from 1969 to 2018
250.00

200.00 - ‘

150.00

Period(days)

100.00

)

50.00 $

= IMF1 = IMF2 = IMF3 = IMF4 = IMF5 = IMF6 = IMF7

(a)

- .
70%
50%

In essence, the 1-year EMD decomposition is
conducted as an independent analysis. In contrast,
the 50-year EMD reveals that the amplitude differ-
ence has decreased and the residue temperature has
risen after 2014. The 50-year residue provides in-
sights into the long-term changes in sea tempera-
ture, whereas the 1-year residue only reflects
seasonal variations. Typically, IMFs of the same
level in a 1-year SST exhibit similarities, implying
that the reorganized data should not undergo sig-
nificant changes unless the residuals of the data it-
self differ considerably from other sample data. This
is because, during data reorganization, the influence
of residues outweighs the combined impact of the
IMFs. Therefore, when the residues are distinctive,
such as in 2018, high-temperature sequences can be
synthesized.

6.2. SST projection based on a 5-year moving
process

In this study, the generation of annual SST
sequence will be performed using a 5-year moving
process, as illustrated in Fig. 9b. By using the SST
data from the previous 5 years as the base period,
the EMD generation process can yield up to 390,625
one-year daily SST data (5%). Each year's SST data
will represent the potential daily SST values for that
specific year. Utilizing these data, a probability
distribution can be constructed, such as for the
annual temperature of the following year, and the
analysis result can be compared with the actual
annual temperature for validation. Similarly, the sea
temperature data of the most recent 5 years will be
selected sequentially for EMD reproduction.

This article gathered SST data from 1969 to 2018.
Initially, the SST from 1969 to 1973 was utilized for
data reproduction, resulting in the generation of
390,625 sets of one-year-long SST sequences

1969-2018 Weighted quartile for each year
100%

90% i
H

20%
10% : :
i i : i
0% : 4

—

=IMF1 =IMF2 =IMF3 =IMF4 =IMF5 =IMF6 *IMF7

(b)

Fig. 10. (a) Period; and (b) weight of each IMF in the one-year SST.
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Yearly residue (1969~2018)

31

2018

Sea surface temperature (°C)

Time(days)

Fig. 11. Residue in each year.

representing possible SST values in 1974. The
probability distribution of the average annual tem-
perature for the reproduction sequences is depicted
in Fig. 12a. The distribution ranges from 27.2 °C to
28.0 °C and exhibits a double-peak pattern. Among
all the 390,625 sequences, the annual temperature
distribution ranges from 27.2 °C to 28.0 °C. The
figure shows the double-peak mode. The first peak
is at 27.4 °C (27.3 °C—27.4 °C, 85,779 sequences in
total), the ratio reaches 22%; the other peak is at
27.8 °C (27.7 °C—27.8 °C, 85,626 sequences in total),
the ratio is also about 22%. In terms of data sorting,
(first quartile, median, third quartile, average) equal
(27.34 °C, 27.48 °C, 27.73 °C, 27.53 °C) respectively,
and the actual annual sea temperature in 1974 was

40%

30%
25%
%
15%
10%
5% I
0% =

26.6 26.8 27 27.2 27.4 27.6 27.8 28 28.2 28.4 28.6 28.8 29

Probability
[
=3
o~

Annual sea surface temperature (°C)

(a)

2743 °C, between the first quartile and median.
Compared with the annual temperature of all the
synthetic sequences, the exceedance probability,
P(Temp.>27.43 °C), is equal to 57.19%, signifying
that the return period of 27.43 °C is 1.75 years. In
fact, based on the “random” observational data
(1969—1997), the annual temperature in 1974 ranked
sixth from the bottom. From a frequency analysis
perspective, the temperature return period for that
year is approximately 1.25 years, similar to the re-
sults obtained from the reproduction sequences.
Furthermore, Fig. 13 demonstrates the close
resemblance between the monthly average tem-
perature of the projected SST and the actual SST in
1974.
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Fig. 12. (a) Projected probability distribution of the average annual SST in 1974; and (b) projected probability distribution of the number of typhoons

in 1974.
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Moving forward, the EMD synthesis process
continues using the five-year SST sequence from
1970 to 1974 to predict the SST sequence in 1975,
extending it to 2018. Fig. 14 presents a comparison
between the actual annual temperature from 1974 to
2018 and the annual temperatures of the synthetic
sequences. Observing the figure, it becomes
apparent that while the annual temperatures of all
synthetic sequences after 2014 exhibit a consistent
increasing trend after 2014, the actual annual tem-
peratures surpass the third quartile of the synthetic
sequences. For instance, the actual annual temper-
ature in 2018 amounts to 28.79 °C. Among the
390,625 sequences synthesized based on sea tem-
perature data from 2013 to 2017, the exceedance
probability of P(Temp.> 28.79 °C) stands at 3.08%.
Thus, the return period for a temperature of 28.79 °C
is estimated to be 32.43 years, signifying an extreme
event. As the annual temperatures have visibly
increased each year after 2014, their statistical
characteristics differ from those of preceding years,
indicating non-stationarity in the series of annual
temperature changes. Consequently, conducting
frequency analysis solely based on annual temper-
ature variations is deemed inappropriate. This
further highlights the superiority of the EMD syn-
thesis method.

Furthermore, Fig. 13 also depicts the disparity
between the EMD synthesis temperature and the
observed temperature for each month in 2018. The
trend of the EMD value aligns closely with the
observed values, and the summer temperatures
generated from June to September remain in prox-
imity to the actual value. However, significant

30.00
29.50
29.00
28.50
28.00
27.50
27.00

26.50

Sea surface temperature (°C)

26.00
25.50

25.00

Actual (2018) e Projected (2018)
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differences arise in other months, particularly from
January to March. In reality, the monthly tempera-
tures in 2018 were generally higher than those in
1974, exhibiting an increase of at least 0.59 °C from
July to September and reaching 1.89 °C from
January to March. Evidently, the impact of climate
change on sea temperature is substantial, and it is
crucial to acknowledge the escalating frequency of
so-called extreme events.

Drawing on the SST data from 2014 to 2018, an
estimate for the average annual sea temperature in
2019 is 28.41 °C. The quartiles are 27.99 °C (lower),
28.40 °C (median) and 28.73 °C (upper). These esti-
mates can be compared with the subsequent SST
observation data provided by NOAA for validation.

6.3. Forecast of the number of typhoons

In the preceding sections, this article has effec-
tively employed EMD to generate non-stationary
sequences of daily sea temperature and utilized
linear regression to estimate the expected number
of typhoons per year. In this section, we will
combine these findings to project the probability
distribution of annual typhoon frequency through a
5-year moving process.

To illustrate the projection methodology in detail,
let's consider an example using historical sea tem-
perature data from 1969 to 1973. The following steps
will be followed:

(1) EMD generation: Utilize EMD to generate a total
of 390,625 (5%) sequences based on sea temper-
ature data from 1969 to 1973.

6 7 8 9 10 11 12
Time (month)

Actual (1974) Projected (1974)

Fig. 13. Comparison of the projected SST and actual SST for each month in 1974 and 2018.
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Fig. 14. Comparison of the average annual SST between the projection and observation (1974—2018).

(2) Threshold Estimation: Set cutting thresholds at
28.91 °C and 29.30 °C to estimate the number of
typhoons in each generated sequence.

(3) Probability Distribution Analysis: Analyze the
probability distribution of the occurrence counts
across all the generated sequences. This distri-
bution represents the range of possible typhoon
frequencies for the year 1974.

Since 28.91 °C and 29.30 °C are the thresholds
respectively, the number of typhoons is estimated
781,260 (5% x 2) times. In addition, due to the limi-
tation of 0 <Y = 1 (see Eq. (2)), X; (see Eq. (1)) has
its feasible region. In this case, there are 716,449
valid samples that satisfy the constraints. The
probability distribution diagram is depicted in
Fig. 12b. The number of typhoons ranges from 16 to
32, with an average of 22. Among all the sample
data, there are 325,759 instances with 22 typhoons,
accounting for 45.47% of the total. The estimated
number of typhoons in 1974, with a 95% confidence
interval, falls between 18 and 30. The minimum
estimated number is 16 (with 33,084 samples) and
the maximum is 32 (with 3368 samples). The
respective ratios of these extremes are 4.62% and
0.47%. However, in reality, there were 31 typhoons
observed in the region between 5°N~25°N and

Number of typhoons

Average value e Actual value

e 05% lower limit

110°E~170°E in 1974. This value lies just outside the
95% confidence interval. Notably, among the years
spanning from 1958 to 2019, 1974 ranked fourth in
terms of typhoon occurrence, making it one of the
years with a higher number of typhoons.

Fig. 15 displays the 95% confidence interval for
the estimated number of typhoons from 1974 to
2019. The average number of typhoons per year
falls with the range of 22 and 23. In most cases, the
actual number of typhoons observed each year falls
within this confidence interval. Out of the 46-year
projected values, only 5 years of historical data
exceeded the 95% confidence interval. Specifically,
1974 and 2018 exceeded the upper limit of 95%,
while 1998, 1999, and 2010 were below the lower
limit of 95%. Let's take the example of 2018: out of
781,013 valid samples, the estimated values were
mostly concentrated between 21 and 23 occur-
rences, accounting for 97.15% of the total. The
range of 24—26 occurrences accounted for only
0.49%. The actual number of typhoon occurrences
in 2018 was 27, slightly outside the estimated range.
However, the projection of 24 times in 2019 fell
within the 95% confidence interval once again. The
results demonstrate the feasibility of combining
EMD synthesis and regression analysis for the
projection of typhoon frequency.

e 05% upper limit

Fig. 15. Comparison of annual typhoon numbers between the forecast and observation (1974—2019).
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7. Conclusion

This article successfully accomplishes two objec-
tives. Firstly, it generates non-stationary sequences
resembling sea surface temperature changes. Sec-
ondly, it utilizes these generated daily sea surface
temperature sequences to forecast the annual
number of typhoons in a year.

The results demonstrate the viability of the pro-
posed EMD-based data generation method. This
process can be repeated annually, following a
similar moving pattern, to synthesize new
sequences.

Predicting the frequency of typhoons is known to
be a challenging task. This paper employs the
generated SST series to forecast typhoon frequency.
The resulting SST series are segmented based on
various thresholds, and a two-stage simple linear
regression is used to estimate the number of ty-
phoons. The findings indicate that most of the
observed values fall within the predicted 95% con-
fidence interval. Hence, it is feasible to explore the
typhoon frequency based on year-to-year sea tem-
perature changes.

Having achieved the objective of generating non-
stationary sea temperature series using EMD, this
study can be further extended to other areas of sea
temperature projection. For instance, it can be
applied to predict phenomena like the El Nino
phenomenon.
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