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Sea surface temperature (SST) are the focus of attention in global climate
discussion. In particular, for pelagic fisheries that depend on the marine
environment, understanding and mastering changes in SST is of great
significance for managing fisheries resources to promote their sustainability.
Multiscale variation analysis of SST from 1982 to 2021 has been done in this paper
concerning the main eight fishing grounds of pelagic fisheries using the
Optimum Interpolation Sea Surface Temperature(OISST) released by NOAA.
The mean, incremental quantity, standard deviation, and overall mean standard
deviation of SST per decade in these eight fishing grounds are calculated. Fast
Fourier Transform, STL decomposition, and PELT of change point detection
method are used get the trends and fluctuations of SST by obtaining the metrics,
such as seasonal intensity indices, cycles, and change points. The study results
show that: ® Over the past 40 years according to the average SST per 10 years,
the main fishing grounds worldwide have warmed significantly. The cumulative
warming of the fishing grounds in the northwest Pacific and the western Pacific is
most obvious. However, except for the northwest Pacific, the increase of the
average SST in the last 10 years is higher than in the previous 10 years in all areas.
Among them, there are 5 regions which increase of the average SST in the last 10
years is higher than in the previous 2 decades, while the central Atlantic and the
eastern Indian Ocean showed that the most significant increases of the average
SST take place in the period from 1992 to 2001. @ From the standard deviation,
and overall mean standard deviation of SST per decade, the West Pacific and the
Northwest Pacific have the most significant long-term and short-term
fluctuations. ® The two regions with the highest seasonal intensity index are
the northwest Pacific and the eastern Indian Ocean. ® 1987, 1997, 2001, 2007,
2012, and 2017 were years in which change points occurred. However, except in
the Indian Ocean, the number of change points and the years they occurred were
inconsistent in the oceans.
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1 Introduction

Nowadays global warming has become a key focus of
discussions on the global environmental changes. As far as
climate is concerned, ocean is one of the greatest energy
absorbers on earth whose temperature changes account for a very
significant portion of any climatic shift that may occur. According
to IPCC (2021) report, over 90% of increased heat on Earth’s system
has been taken into ocean. The consequence is not only increasing
ocean temperatures but also leading to several other effects such as
rising sea levels, extreme weather events getting more frequently
and powerfully, and fundamental modifications in marine
ecosystems (Fox-Kemper et al.,, 2021).

Global warming constitutes a multifaceted environmental
phenomenon, primarily propelled by anthropogenic greenhouse
gas emissions (Abbass et al., 2022; Zhai et al., 2018). This warming
trend subsequently induces alterations in atmospheric circulation
patterns and ocean currents, which exert profound influences on
the dynamics of the Earth’s climate system (Shaw et al., 2024).
Climatic events such as the El Nifio-Southern Oscillation (ENSO),
the Pacific Decadal Oscillation (PDO), and the North Atlantic
Oscillation (NAO) have a significant impact on ocean
temperatures on different time scales (Lehodey et al., 2006;
Overland et al., 2010). El Nifio events are a prominent feature of
climate variability and have global climatic impacts (Lam et al,
2020). El Nifio events typically mature during boreal winter and
decay rapidly in the following spring (Lee et al., 2020). During the
warm phase of El Nifio-Southern Oscillation, the equatorial eastern
Pacific experiences warm SST, abnormally low sea level pressure,
deepening of the thermocline and subsequently the nutrient layer,
leading to a decrease in primary productivity and ultimately
affecting the survival, reproduction, and distribution of higher
trophic level organisms (Wang and Fiedler, 2006). The sinking
and strengthening of the Indian Ocean during EI Ni i1 o will reduce
cloud cover and increase the absorption of solar radiation by the
ocean, leading to an increase in sea surface temperature. In the
tropical North Atlantic, the weakening of trade winds during El
Nifio reduces sea surface evaporation and increases sea surface
temperature. These relationships conform to the concept of an
“atmospheric bridge” that connects the sea surface temperature
anomalies in the central equatorial Pacific with those in distant
tropical oceans (Klein et al., 1999).The tuna fishery in the Indian
Ocean is significantly affected by ENSO. Kumar et al. analyzed data
from 1980 to 2010 and found that the tuna catch was highest in
weak EI Ni 71 0 and weak La Ni fi a years, while the catch was lowest
in strong E1 Ni fi 0 and strong La Ni 1 a years (Kumar et al., 2014).

Water temperature in the ocean is one of the key environmental
factors that affect the metabolic rate (Stuart-Smith et al., 2017),
reproductive cycle (Brule et al, 2022) and spatial distribution
(Antao et al, 2020) of marine organisms. With global changes,
many marine species, including fish, plankton, and coral reefs, their
distribution are undergoing a northward or southward shift for
searching more suitable living environments (Kang et al., 2021). As
the ocean warms, productivity in high latitudes may expand with
warming, but this is offset by a decline in productivity in low and
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mid-latitudes (Hendrix et al., 2022). For fisheries, habitats changes
due to ocean temperature imply the alteration in fishing locations,
catch volumes, that have direct or indirect impact on the fishing
economy. Tuna are highly migratory, moving between coastal
ecosystems and the open ocean, and between domestic
jurisdictions and international waters. As the oceans warm, tuna
will move to areas with preferred temperatures as a compensatory
mechanism (Dizon et al,, 1977). SST is an important marine
environmental factor that causes changes in Chilean jack
mackerel resources (Cubillos et al., 2007; Vasquez et al., 2013).
Climate and environmental changes also affect the reproductive
behavior of different fishery resources. The accumulation of tissue
energy during the reproductive process of female Argentinean
shortfin squid is closely related to the marine environmental
factors of their habitat. This is reflected in the fact that when
female individuals are exposed to the environmental condition of
lower SST, higher chlorophyll-a concentrations and specific sea
surface heights, they accumulate more energy in their somatic
tissues and reproductive organs (Lin et al., 2017). It is found that
environmental temperature has a significant effect on population
size, maturity, and growth state of Argentinean shortfin squid
(Chemshirova et al., 2021).

The research in this paper aims to gain a deeper understanding
of the trends in the marine environment in the main operating
areas, i.e. fishing grounds of the pelagic fishing industry over the
past 40 years by analyzing the changes in SST data every ten years
from 1982 to 2021.

2 Materials and methods

2.1 Study area

The main operating areas or fishing grounds of pelagic fisheries
are divided into Pacific, Atlantic, and Indian Ocean according to the
sea area (Verges et al, 2019). To facilitate the analysis, the main
operating areas of each ocean were divided and named based on
their location. The Indian Ocean was further divided into the
eastern and western based on 80°E, as shown in Figure 1. The
study area’s extent was determined according to the main fishing
targets of each fishery as follows:

The Western Pacific (WP) fishery targets skipjack tuna,
yellowfin tuna, bigeye tuna, and albacore tuna, with the study
area ranging from 10°N to 10°S and 125°E to 175°E (Barclay and
Cartwright, 2007; Wang et al., 2018).

The East Pacific (EP) fishery focuses on skipjack tuna and
humboldt squid, with the study area ranging from 6°N to 12°S and
80°W to 170°W (Schaefer and Fuller, 2019; Fuller et al., 2021).

The Central Atlantic (CA) fishery, bigeye tuna, albacore tuna,
and yellowfin tuna are the main catches. The study area ranging
from 16°N to 19°S and 47°W to 2°E (Yang et al.,, 2015; Nobrega
et al., 2023).

The Southeast Pacific (SEP) fishery targets Chilean jack
mackerel, jack mackerel and humboldt squid, with the study area
ranging from 20°S to 45°S and 78°W to 100°W (Li et al., 2013, 2015).
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ONI index 1950-2024.

The Southwest Atlantic (SWA) fishery, the primary focus is on
squid species such as the Argentinean squid Illex argentinus and the
Patagonian longfin squid. The study area ranging from 35°S to 55°S
and 50°W to 70°W (Alemany et al., 2014; Wang et al., 2020).

The Northwest Pacific (NP) fishery, mackerel, pacific saury,
Japanese sardine, Japanese anchovy, neon flying squid and jack
mackerel are the main catches, with the study area ranging from
35°N to 48°N and 145°E to 165°E (T'seng et al., 2013; Li et al., 2024).

In the Indian Ocean fisheries, bigeye tuna, albacore tuna,
yellowfin tuna, squid, and mackerel are the main catches. The
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Distribution of fishing grounds for pelagic fisheries operations.
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study area ranging from 50°S to 20°N and 30°E to 120°E (Fu et al,,
2023). The Indian Ocean was further divided into the West Indian
Ocean (WIO) and East Indian Ocean (EIO) based on 80°E.

2.2 Data

To grape the trends of the marine environment, the OISST
released by the National Oceanic and Atmospheric Administration
(NOAA) of the United States is used in this paper, and the Oceanic
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Nifio Index (ONI) developed by the Climate Prediction Center
(CPC Footnotel) of NOAA as the representative of abnormal
climatic events to describe the factors of ENSO teleconnection, as
shown in Figure 2. An El Niflo (La Nifia) event is characterized by
the average SST anomaly in the Nino 3.4 region for three
consecutive months, i.e., the ONI is higher than 0.5°C (lower
than -0.5°C) for five consecutive times (Glantz and Ramirez, 2020).

2.3 Seasonal and Trend decomposition
using LOESS

As we all know, due to the Earth’s revolving around the sun and
the angle of the ecliptic, natural phenomena on Earth usually
exhibit natural rhythms of seasonal change. Therefore, when
performing a long-term series analysis of climate change, the
seasonal rhythm changes should be stripped. In this paper, the
original SST time series is decomposed using STL (Seasonal-Trend
decomposition using LOESS) to separate it into three components:
seasonal component, trend component and residual component.
STL is a widely used method for time series decomposition, in
which LOESS (Locally Estimated Scatterplot Smoothing) is used to
fit the trend and seasonality (Cleveland et al., 1990). Its
decomposition can be expressed as Equation (1), STL decomposes
a time series into three parts through iterative inner and outer loops.
Internal circulation: de trending and separating seasonality and
residual items; Seasonal smoothing extracts periodic components;
Seasonal separation trend and residual items; Smooth updating of
long-term trends. External loop: Calculate residual terms and assign
lower weights to outliers; Combining weights to re smooth,
optimize trends and seasonality. Where: y, is the original SST
sequence; S, is the seasonal component; T, is the trend
component; R, is the residual component. Taking the SST data in
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the western Pacific Ocean as an example, the seasonal component,
trend component and residual component are decomposed from
the original SST data using STL, and the trend component is
extracted for further analysis, as shown in Figure 3a. Figure 3b
shows the trend components extracted by STL in each fishing
ground. Equation (2) is the measure of seasonality(Fs). The Fs is
obtained by calculating the ratio of the variance of the residuals to
the sum of the variances of the residual and seasonal components,
and then subtracting this ratio from 1 (Wang et al., 2006). In the
formula, Fs the calculated seasonal strength of the time series, V
ar(R;) is the variance of the residuals, and Var(S; + R,) is the sum
of the variances of the residual and seasonal components. The value
of seasonal strength index is between 0 and 1, and the closer it is to
1, the stronger the seasonality. Equation (3) is the measure of trend
(Fr). The calculation method of FT is similar to that of Fs.

vi= S+ T+R; (1)
Var(R,)
Fq = l1l-—F 2
s = max (0’ Var(S, + Rt)) @
3 Var(R,)
Fr = max (O, 1 Var(T, + Rt)) (3)

2.4 Standard deviation and overall mean
standard deviation

According to the scope of the fishing operating areas and
corresponding SST data, the time series of the annual average SST
in each fishing ground were calculated, and the relevant statistical
characteristics (mean, standard deviation, maximum and minimum
values) were calculated with a statistical unit per decade.

Western Pacific
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(a) STL decomposition of raw SST data in the Western Pacific; (b) Trend components of STL in each fishing ground.
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And meanwhile we calculated the overall mean SST for each
grid point over 40 years as the climatic average state. In order to
analyze the degree of dispersion of the SST per decade. relative to
the 40-year climatic average state (SST,), the overall mean SST for
each grid point over 40 years was used as the mean in the standard
deviation calculation formula to calculate the standard deviation for
every 10 years, i.e. the overall mean standard deviation (OMSD).
Equation (4) is the formula for calculating the overall mean
standard deviation of SST, where OMSD is the overall mean
standard deviation, SST; is the monthly SST in time series i,
SS—T40y is the average of the entire SST time series over 40 years,
and N is the number of months in the calculated time period. Here
N is equal to 120.

N I
S(SST; = SST 49,)°

OMSD = :‘# (4)

2.5 Fast Fourier transform

This paper uses the fast Fourier transform (FFT) to calculate the
period of the trend component (T,) time series. FFT is a commonly
used signal analysis method, which has a wide range of applications
in spectroscopy, geophysics, digital signal processing, and other
fields. FFT can reflect the periodicity of a signal from frequency
domain that cannot be reflected in time domain (M. et al., 2005; M.
and M., 2019). So the FFT can be used to analyze the periodicity of
SST time series. The principle is to first perform Fourier transform
on the time series, then find the frequency corresponding to the
maximum amplitude in the spectrum, and then calculate its
reciprocal to obtain the period of the signal.The Fourier
transform is shown in Equation (5), where X(k) is the k-th
element of the complex result after the transformation,
representing the frequency component in the frequency domain;
x(n) is the n-th sample in the original time-domain signal; N is the
total number of samples in the signal; i is the imaginary unit; and k
is the index of the current frequency, ranging from 0 to N-1.

N ) B
X(K) = Sx(n) - e N (5)
n=0

2.6 Pruned exact linear time

This paper uses the pruned exact linear time (PELT) method to
do the detection of changepoints in the trend component of the SST
time series, as shown in Equation (6):

F(n) =m0 LF(T,,) + C(y 115+ ¥) + B} (6)

where C(-) is the cost function and the penalty term, [ is used to
avoid fitting, y is the trend component of SST time series; T is the
vector of the change point locations; and m means the number of
change points, with positions (Killick et al., 2012).
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3 Result

3.1 Analysis of the change in the trend
component of sea surface temperature
every ten years

The mean value (SST), standard deviation (SD) and OMSD of
the SST trend components for each of the eight fishing grounds per
decade are calculated and shown in Tables 1-3.

In Table 1 incremental quantity (Al, A2, A3) represents the
difference (°C) between the mean SST values of eight pelagic fishing
grounds during four time periods (1982-1991, 1992-2001, 2002-
2011, 2012-2021) and the previous time period. The difference is
calculated by subtracting the mean SST values of each time period.
Respectively, Al represents the increments of the SST from the
period of 1982-1991 to the period of 1992-2001, A2 is the increment
of the SST from the period of 1992-2001 to the period of 2002-
2011, and A3 is the increment of the SST from the period of 2002-
2011 to the period of 2012-2021.A is the total of Al + A2 + A3, the
overall change in the mean value of the SST trend component from
1982 to 2021.

To represent the changes of incremental quantity in SST, the
stacked column chart of the mean changes in the SST trend
components is plotted as Figure 4. From the total length of the
column in Figure 4 and the A term of Table 1, it can be seen that the
sea area with the most significant cumulative warming over the last
40 years is the Northwestern Pacific, followed by the Western
Pacific, and then in turn next come the West Indian Ocean, the
East Indian Ocean, the Southeast Pacific, the Central Atlantic,the
Southwest Atlantic, and the East Pacific.

Except for the Northwest Pacific, in all of the ocean areas A3 is
greater than Al, and there are 5 regions (EP, SP, SWA, WP, and
WIO) which A3 is the highest incremental quantity in decades, that
means higher warming in the last two decades than in the previous
two decade for most areas in the global oceans. But There are 2 areas
(the CA and the EIO) that have the largest increases from the period
of 1992-2001 to the period of 2002-2011. It is worth noting that, Al
of the CA is negative that means SST in the period of 1992-2001 is
little lesser than the period of 1982-1991. And in all the fishing
grounds the NP is the only region which Al is highest increase that
means compared to the other decades SST in the period of 1992-
2001 has a very fast rise. These phenomena deserve great attention.
Almost all the fishing ground in Pacific (except the NWP) had
higher increases in the recent decade than in the previous two
decades. The overall warming of the India Ocean is not very
different, but the time interval of the fastest warming varies
slightly. Warming in the WIO was higher in the last ten years
than in the previous two decades (A3 is the highest, A3>A2>Al),
and warming in the EIO was higher in the period of from 2002 to
2011 than in the other two decades, followed by the last ten years
(A2 is the highest, A2>A3>A1).

Table 2 shows the SD, and Table 3 shows the OMSD of the SST
trend components for each fishing ground per decade. From the SD
of different time periods, people can know the fluctuations of data in
a specific time period. From the OMSD of different time periods, we
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TABLE 1 Mean and increment of the trend component of SST for each fishing ground per decade.

Fishing grounds  SST (1082-1901) Al

SST (1992-2001)

A2 ﬁ (2002-2011) A3 SsiT (2012-2021)

WP 28.738 0.120 28.858 0.268 29.126 0.268 29.394 0.656
EP 26.245 0.044 26.289 0.022 26.311 0.226 26.537 0.292
CA 25912 -0.009 25.903 0.326 26.229 0.053 26.282 0.37
SEP 15.159 0.079 15.238 0.116 15.354 0.22 15.574 0.415
SWA 9.78 0.117 9.897 0.025 9.922 0.181 10.103 0.323
NwP 11.618 0.288 11.906 0.171 12.077 0.272 12.349 0.731
WIO 22.3 0.089 22.389 0.144 22.533 0.215 22.748 0.448
EIO 21.347 0.067 21.414 0.209 21.623 0.145 21.768 0.421

TABLE 2 Standard deviation of SST per decade for each fishing ground.

Fishing grounds

SD(1982—1991)

SD(1992—2001)

SD(2002-2011) SD(2012-2021)

WP 0.131 0.222 0.117 0.191
EP 0.631 0.585 0.361 0.475
CA 0.164 0.199 0.174 0.22
SEP 0.175 0.196 0.235 0.179
SWA 0.164 0.233 0.207 0.259
NWP 0.389 0.377 0.26 0.283
WIO 0.145 0.173 0.155 0.15
EIO 0.138 0.125 0.1 0.127

TABLE 3 OMSD of SST and ONI for each fishing ground (calculated using the mean value of the overall 40-year).

Fishing grounds =~ OMSD(1982-1991)

OMSD(1992—2001)

OMSD(2002—2011)

OMSD(2012—2 1) OMSD(1982—2021)

WP 0.319 0.28 0.152 0.412 0.305
EP 0.639 0.588 0.362 0.513 0.535
CA 0.235 0.267 0.228 0.298 0.259
SEP 0.244 0.217 0.237 0.303 0.252
SWA 0.219 0.235 0.207 0.314 0.247
NwWP 0.536 0.385 0.275 0.459 0.423
WIO 0.241 0.201 0.161 0.297 0.229
EIO 0.235 0.176 0.132 0.263 0.207
ONI 0.918 0.949 0.792 0.813 0.871

try to get how the data fluctuates relative to the climatic average
state in a specific time period. Table 3 also gives both the whole
OMSD from 1982 to 2021, which is the standard deviation in 40
years, and OMSD of ONI for different decades. As shown in
Tables 2, 3, the first two highest values of SD and OMSD occur
in the Western Pacific as well as the Northwestern Pacific in every
decade, which means that these two areas have high short-term
fluctuations in every 10 years even with respect to the climatic
average state.

Frontiers in Marine Science

To identify possible patterns of change in time, we sorted the SDs
and OMSDs for different time periods in each fishing ground, ®
represents the period of from 1982 to 1991,® for from 1992 to 2001,®
for from 2002 to 2011 and @ rom 2012 to 2021. The sorting results of
the SDs and OMSDs for the eight sea regions is as shown in Table 4.

Based on SD sorting results of each fishing ground at different
periods, the differences and synchronicity of global ocean changes
can be understood.For example, the SD values for the EP, NWP,
and EIO of the first time period (1982-1991) reach the maximum
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TABLE 4 Sorting results of SDs and OMSDs of eight fishing grounds.

Fishing SD sorting OMSD sorting

grounds results results
Wp @>@>0>0 @>0>@>0

EP O>@>@>0 O>0>@>0

CA @>0>0>0 @>0>0>0
SEP @>0>@>0 @>0>0>0
SWA @>0>0>0 @>0>0>0
NWP O>0>0>@ O>@>@>0
WIO @>@>@>0 @>0>0>0
EIO O>@>0>0 @>0>@>0

value sorted in time, while they were at their minimum in the CA,
SEP, SWA, and WIO, reflecting the great regional disparities in
global sea temperature changes at this period. For the second time
period (1992-2001), the SD values of five regions (EP, CA, SEP,
SWA, and NWP) were the second highest value sorted in time,
indicating that maybe there is a relative high degree of synchronicity
of global ocean changes at this period.

According to OMSDs sorting results of each fishing ground at
different periods, it is found that there are six of the eight fishing
regions, the OMSD in the most recent decade is the highest among
the four time periods. These regions are WP, CA, SEP, SWA, WIO,
and EIO. This pattern generally aligns with the warming trend
embodied by the increment of the SST average shown in Table 1
and Figure 4. There are seven of the eight fishing regions, the
OMSD in the period from 2002 to 2011 is the lowest among the four
time periods. This roughly means that the ocean during the period

10.3389/fmars.2025.1567030

of 2002 to 2011 was closest to the average state of the global ocean
over the past 40 years.

In order to more intuitively show the changes in the eight
fishing grounds every decade, Figures 5-7. are box plots of SST per
decade for the fishing grounds near the equator, the fishing grounds
in the mid-latitude region, and the fishing grounds in the Indian
Ocean. Box plots are statistical graphs used to describe the
dispersion of a set of data. Box plots can reflect the stability of
the optimization effect. The interquartile range (IQR) is used to
measure the dispersion of data in box plots.

The SST in the WP continued to increase during these 40 years
(Figure 5a). From 1982-1991, the SST range was 28.416°C to
28.977°C, increasing to 28.374°C to 29.206°C in 1992-2001, then
narrowing to 28.82°C to 29.354°C in 2002-2011, and expanding
again to 28.956°C to 29.688°C in 2012-2021. The interquartile
ranges (IQR) for each decade were 0.204, 0.362, 0.16, and 0.253,
indicating that SST fluctuations were consistent with changes
in range.

The SST in the EP fisheries showed a slight upward trend during
these four decades (Figure 5b). The IQR peaked at 1.024 in 1982-
1991, then gradually decreased, with values of 0.7 in 1992-2001,
0.501 in 2002-2011, and 0.593 in 2012-2021. This indicates high
variability, especially during 1982-1991, with SST data showing a
right-skewed distribution.

The SST in the CA fisheries also showed a flat upward trend
during these 40 years (Figure 5c), with greater fluctuations in 1982-
1991 and 2012-2021, where IQRs were 0.213 and 0.34, respectively.
In the middle decades (1992-2001 and 2002-2011), the IQRs were
lower at 0.141 and 0.176. The data in 1992-2001 showed a left-
skewed distribution, concentrating on lower values.

The SST value for the SEP fishery (Figure 6a) shows a clear
upward trend, with IQR peaking at 0.385 in 1992-2001, then
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Box-plot of sea surface temperature per decade in fishing grounds near the equator. (a) WP; (b) EP; (c) CA

decreasing to 0.296 in 2002-2011 and 0.191 in 2012-2021. The data
from 2012-2021 showed a left-skewed distribution, with higher
values concentrated in the lower range.

The SST in the SWA fishery (Figure 6b) also showed a relatively
stable upward trend, while the IQR was 0.185 in 1982-1991,
increasing to 0.347 in 1992-2001, 0.388 in 2002-2011, and 0.467
in 2012-2021. The distribution in 1982-1991 was right-skewed,
with lower values concentrated.

The upward trend of SST in the NWP fisheries (Figure 6¢) is
more significant than that in the SWA and SEP fisheries, and the
overall IQR shows a decreasing trend, with the corresponding IQRs
for the four decades being 0.646, 0.613, 0.397, and 0.473,
respectively, indicating that the range of SST fluctuations
is narrowing.

The SST of the WIO(Figure 7a) and the EIO(Figure 7b), both
regions exhibited clear upward trends in SST. The IQR for WIO
peaked at 0.247 during 1992-2001, while EIO’s IQR gradually
decreased from 0.243 in 1982-1991 to 0.15 in 2012-2021,
suggesting a narrowing fluctuation range. Overall, SST in WIO
and EIO fisheries is relatively stable.
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3.2 Seasonality and periodic analysis

3.2.1 Seasonality

Using formulas (2) and (3), the seasonal intensity index and
trend intensity index were calculated to analyze the seasonality and
trend of the SST time series. As shown in Table 5, the seasonal
intensity of SST is very high in most of the regions over the 40 years,
and the most affected by seasonality is the NWP, followed by the
EIO, followed by the SEP, SWA, WIO, CA, EP and WP,
respectively. The WP has the highest trend intensity (0.867),
indicating a greater influence from long-term climate factors.
Conversely, the SWA has the lowest trend intensity (0.538),
suggesting a lower long-term climate impact compared to
other areas.

In most cases, the seasonal intensity index is higher than the
trend intensity index, meaning seasonal changes dominate the SST
variations in long-term trends. The NWP, EIO, and WIO exhibit
strong seasonal fluctuations and relatively robust long-term trends,
reflecting substantial impacts from both seasonal and long-term
climate variations. In contrast, the SWA and SEP experience
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significant seasonal fluctuations but weaker long-term trends,
suggesting that while seasonal factors heavily influence these
areas, they are less affected by long-term climate changes. The
WP shows the weakest seasonal variation but the strongest trend,
indicating a gradual and stable increase in temperature over time

1992-2001 2002-2011
Time Period

2012-2021

3.2.2 Periodic analysis
Table 6 shows the periodicity of SST and ONI (EI Nifio) series
for each fishing ground. Although there are four in the Pacific

Ocean, the periodicity of these four seas are not the same, and only

the periodicity of EP and WP at low latitudes is exactly the same as

with minimal seasonal fluctuations. that of ONL
a b
West Indian Ocean N East Indian Ocean
232 22
-4 Mecan - Mean
230 20
28
218
~ 226 e ) T
e =216 b
- e Y 2 e
%204 -
____ 214 P
22
212
220
210
218 19821991 19922001 2002-2011 2012-2021
1982~1991 1992-2001 2002-2011 2012~2021 Time Period
Time Period

FIGURE 7

Box-plot of sea surface temperature per decade in Indian Ocean fisheries. (a) WIO; (b) EIO.
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TABLE 5 Seasonal intensity indices of sea surface temperature for
each fishery.

Seasonal intensity  Trend intensity

Fishing grounds

index index
WP 0.774 0.867
EP 0.905 0.854
CA 0.964 0.824
SEP 0.989 0.609
SWA 0.987 0.538
NWP 0.994 0.666
WIO 0.980 0.849
EIO 0.992 0.81

Short-period fisheries: the WP have the same periodicity of 3.6
years, which is consistent with the ONI The EIO has a slightly
longer period of 4.9 years. The period of EP is slightly longer than
that of EIO, at 5.6 years, which is still in the short-period range.
Mid-period fisheries: the SEP and SWA both have a variability
period of of 6.5 years, which lies between the short- and long-term,
indicating that SST changes in these seas are influenced by short-
term climatic phenomena as well as possibly from other medium-
term climatic fluctuations. Long-period fisheries: The CA and
NWP have longer periods of variability, both 9.8 years. This
means that changes in SST in these areas may be influenced by
long-term climate patterns and ocean circulation. The WIO has the
longest period at 13.0 years, suggesting that SST changes in this
region are significantly influenced by long-term climate changes
and deep ocean dynamical processes. Periodicity and regional
characteristics: The data in Table 6 show that there are significant
differences in the period SST changes in different fishing grounds,
which reflect the oceanic and atmospheric dynamics in different
regions. The short cycles in the WP and EP coincide with the El
Nifo cycle, indicating that the response to El Nifio in these regions
is rapid and strong.

TABLE 6 Periodicity of SST and ONI changes in each fishing ground.

Fishing Grounds SST and ONI Periodicity(year)

WP 3.6
EP 5.6
CA 9.8
SEP 6.5
SWA 6.5
NWP 9.8
WIO 13.0
EIO 49
ONI 3.6
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The continuous power spectra and corresponding significance
levels of eight fishing grounds are shown in Figure 8.

3.2.3 Changepoint analysis by PELT

In this section, PELT changepoint detection method is applied
to monitor the offline changepoints of the regional-scale annual
mean SST time series. The years in which all the changepoints
occurred were 1987, 1997, 2001, 2007, 2012, and 2017, but the
number of changepoints in each fishing ground, except for the
Indian Ocean, and the years of occurrence were not
consistent (Figure 9).

The WP detected changepoints in 1997, 2002, and 2012. The EP
exhibited changepoints in 2002 and 2017. The CA region also had
changepoints in 2002 and 2017. In the SEP, changepoints were
identified in 1987 and 2012. The SWA and NWP regions shared
consistent changepoints in 1997, 2007, and 2017, yet their SST
patterns diverged.

The WIO and EIO both experienced changepoints in 1997 and
2007, but exhibited differing patterns post-1997. The SWA, NWP,
WIO, and EIO all had changepoints in 1997 and 2007, while the
EP also detected a changepoint in 2007. Notably, 1997
corresponded with a super El Nifio year and 2007 with a
moderate La Nifa year.

The NWP is affected by variations in and monsoon patterns
related to El Nifo and La Nina (Raj Deepak et al., 2019).
Additionally, the WIO and EIO are sensitive to shifts in the
Indian Ocean Dipole (IOD), which can be influenced by these
climatic phenomena. The EP is directly impacted by El Nifio, which
can alter marine conditions.

4 Discussion

Based on the previous analysis, it can be found that despite the
backdrop of global warming, the SST changes indifferent fishing
grounds around the world still present a complex situation. There
are many regional studies as follows.

For the Northwest Pacific fisheries, in the research spanning 35
years of Lim et al. (2017) from 1982 it is found that three super El
Nifio events have occurred historically, specifically during 1982-
1983, 1997-1998, and 2015-2016 (Lim et al., 2017). In our study of a
40-year length from 1982 to 2021, which was analysed every 10
years, we found that SST exhibited a gradual increase in variability,
particularly showing pronounced fluctuations during the second
(1992-2001) and fourth decades (2012-2021). The IQR was notably
larger during these periods. While the WP region displayed the
weakest seasonal variation, it also showed the strongest overall
warming trend, indicating a steady increase in temperature over
time with minimal seasonal fluctuations. A change point was
identified in the WP in 1997, coinciding with the super El Nifo
event of that year. Although WP detected only one corresponding
change point, the timing of two of these super El Nifio events
coincides with significant fluctuations in WP.

For the East Pacific fisheries, Huang et al. (2024) conducted a 39
year study starting from 1980 and found that abnormal temperature
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fluctuations due to unusual climatic events can impact the
abundance and distribution of fish species over time (Huang
et al., 2024). For instance, Arkhipkin et al. (2014) found that
temperature changes can influence the adult size and lifespan of
species such as squid (Arkhipkin et al., 2014). Goni et al. (2015)
found that water temperature is the primary environmental variable
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that affects the spatiotemporal distribution changes of longfin tuna
(Goni et al., 2015). In our study significant fluctuations in SST were
noted between 1982-1991 and 2012-2021, reflecting the region’s
sensitivity to global climate change. Furthermore, change points
were detected in 2002 and 2017, corresponding to a moderate EI
Nifio in 2002 and a weak La Nifa in 2017.
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For the Central Atlantic fisheries, in the research spanning 35
years of Prigent et al. (2020) from 1982 it is found that the
interannual variation of SST in the eastern equatorial Atlantic
underwent a significant change around the year 2000, resulting in
a 31% decrease in the SST change rate during the period from 2000
to 2017 (Prigent et al,, 2020). This finding is consistent with the
detection of a change point in the SST of the central Atlantic in
2002, and the reduction in the change rate indicates that SST
variations became more gradual, with a decrease in temperature
fluctuations. Similarly, in the CA fishery region, SST has remained
relatively stable over the past four decades, characterized by a small
interquartile range (IQR) and minimal variation. This stability has
contributed to the maintenance of fish populations, supporting
sustainable development. Significant changes were observed in 2002
and 2017, but compared to the other eight fishing grounds, the SST
in the CA region remained relatively stable, consistently close to the
median value.

For the Southeast Pacific fisheries, in the research spanning 35
years of Risaro et al. (2022) from 1982 it is found moderate to strong
warming in the mid-latitude (30°-50°S) regions of the Southeast
Pacific (Risaro et al., 2022). In our work, the SEP fishery found that
SST has shown a gradual increase, with a large interquartile range
(IQR) observed during 1992-2001 and abnormal outliers from
2012-2021, likely driven by the effects of the 2015 EI Nifo.
Change points were identified in 1987 and 2012. Compared to
other fishing grounds, the SST in the SEP exhibits strong
seasonality, characterized by significant temperature fluctuations
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between warmer and cooler months. However, the overall trend of
SST in the SEP remains relatively low.

For the Southwest Atlantic fisheries, in the research spanning 18
years of Rivas (2010) from 1985 it is found that the SST in the
southwestern Atlantic exhibits a very distinct seasonal cycle (Rivas,
2010). In our research of 40 years we found that The SST
fluctuations in the southwestern region studied in this article
follow a clear seasonal pattern, but compared to other regions,
the intensity of its long-term trend is relatively low, indicating that
the influence of long-term climate factors is relatively small.

For the Northwest Pacific fisheries, in the research spanning 164
years of Wu et al. (2020) from 1854 it is found that over the past 164
years, sea temperatures in the northwest region have gradually
increased, with an average rate of 0.033°C per decade (Wu et al,
2020). In line with this, the SST in the northwest Pacific fishery has
also significantly increased, reaching its highest historical levels in the
past decade. This upward trend further emphasizes the long-term and
accelerating nature of sea temperature changes in the region.

In recent decades, WIO and EIO have also shown significant
long-term warming trends, which interact with seasonal variations
to produce complex SST changes. Mohan et al. (2021) analyzed SST
data from 1900 to 2017 and found that the warming trend in the
western and eastern Indian Ocean is largely caused by natural
patterns of climate change (Mohan et al., 2021). Seasonal intensity
has a significant impact on both WIO and EIO, and SST
fluctuations are driven by different seasonal cycles, which are
particularly prominent in these regions due to the influence of
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monsoon changes and trade winds. Li et al. (2017) analyzed SST
data from 1955 to 2015 and found that the SST variability in the
tropical Indian Ocean exhibits a hundred year warming trend
combined with interannual and ten-year variations (Li et al,
2017). And the rapid warming trend during the period of 2003-
2013, which is consistent with the higher warming of EIO in our
article from 2002 to 2012 compared to other time periods.

Our analysis of SST variability across eight pelagic fishing
grounds reveals distinct temporal scales in the Pacific, Atlantic,
and Indian Oceans, aligning closely with findings from global SST
studies, notably Bulgin et al. using 37 years of satellite SST data
(1981-2018), Bulgin et al. demonstrated that equatorial Pacific SST
variability is dominated by 1-5-year cycles driven by the ENSO, with
a maximum variance of 1.9 K* (Bulgin et al., 2020). This is consistent
with our findings in the NWP and WP fishing grounds, where FFT
analysis identifies 3.7-year cycles as the primary mode of variability.

Although the OISST dataset (0.25° resolution) provides strong
global SST coverage, its spatial resolution may not fully capture fine
scale SST variations, such as ocean fronts and eddies (Xing et al.,
2023; Belkin, 2021; Xing et al., 2024), which are crucial for fisheries
in regions. This limitation may underestimate the local changes
associated with fish population dynamics. Higher resolution
datasets can address this issue in future research (Embury
et al., 2024).

Overall, while all fisheries show a warming trend, regional
differences exist in the extent and volatility of SST changes,
influenced by geography, ocean circulation, and climatic events
like El Nifio/La Nifa (Lu et al,, 2001; Turk et al., 2001). These
differences highlight the need for further study on the impact of SST
variability on fisheries resources (Zhou et al., 2022).

5 Conclusion

In conclusion, the analysis of SST trends over the past four
decades reveals significant regional variability across the eight fishing
grounds studied. The Northwestern Pacific shows the most
pronounced warming, followed by the Western Pacific and the
West Indian Ocean, with other regions experiencing lesser but
notable increases. The incremental changes in SST, particularly A3,
demonstrate that most regions, except for the Northwest Pacific, have
experienced higher warming in the past two decades compared to
earlier periods, indicating an accelerating trend in oceanic warming.

The SD and OMSD further emphasize the complexity of SST
variability. While SD rankings show no clear pattern, OMSD rankings
suggest that six of the eight regions have seen their highest variability
in the most recent decade. This increasing variability aligns with the
broader warming trends and points to region-specific responses to
global climate influences, particularly in areas like the Western Pacific,
Central Atlantic, and Southwest Atlantic.

The box plots and IQR highlight both the upward trends in SST
and the varying levels of stability across the fishing grounds.
Regions like the WP, WIO and EIO exhibit relatively stable
patterns, while areas such as the EP and SWA display greater
fluctuations. Periodicity analyses indicate that SST variability in
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different regions correlates with both short-term cycles, such as the
ENSO, and long-term oceanic patterns like the AMO and IOD.

Finally, change-point analysis using the PELT method
underscores the influence of significant climatic events on SST
trends. The alignment of change points in 1997, 2007, and 2017
across multiple regions correlates with major El Nifo and La Nifia
episodes, further illustrating the critical role of these phenomena in
shaping SST dynamics. The findings highlight the intricate interplay
between oceanic and atmospheric processes, and the growing
impact of climate change on global fisheries, calling for continued
monitoring and adaptive management strategies.
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