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Abstract

Climate change affects atmospheric circulation patterns and intensifies recurrent extreme weather events across the globe. It
has resulted in increasing air temperatures, rising sea levels, and alterations in precipitation patterns, which will immensely
influence the hydro-environment regime in semi-enclosed water bodies (e.g., gulfs and estuaries). The Persian Gulf (PG),
the world’s hottest sea, is a regional hotspot for climate change. This study investigates how the interplay between climate
change and the meteorological variables affects salinity, temperature, and density of water mass concerning water circulation
patterns (WCPs) in PG. It contributes to representing a perspective of meteorological conditions over the region and project-
ing expected seasonal variations of PG hydro-physical properties at the beginning of the next decade. For these purposes, we
used the downscaled data of 2030 under RCP2.6, RCP4.5, and RCP8.5 (representative concentration pathway) scenarios to
run the hydrodynamic model and also used a 54-year time series (1948-2002) for reference model representing the histori-
cal state (HS). The findings project distinguishable temperature rise (reaching 37 °C in summer over vast areas), salinity
rise in most parts (up to+5.4 practical salinity units relative to HS at the northwestern head in spring), and an increase
in vertical density gradients leading to an increase in speeds of surface currents. These alterations in physical properties
significantly influence chemical and biological processes in PG, potentially resulting in aquatic degradation and ecological
issues. Therefore, the findings are remarkable for policymakers to develop adaptation management plans in the PG region
in line with sustainable development goals.

Keywords Climate change - Water circulation - Statistical downscaling - Numerical modeling - Meteorological variables -
Persian Gulf

Introduction

Global warming, as a consequence of natural and anthropo-
genic changes, has affected WCPs for decades, thereby high-
lighting the need for reassessments of previous projections

Communicated by Eduardo Siegle

<] Masoud Sadrinasab
masoud.sadri@ut.ac.ir

Amir Reza Azarnivand
amirazarnivand @ut.ac.ir

Mohsen Nasseri
mnasseri @ut.ac.ir
Faculty of Environment, University of Tehran, Tehran, Iran

School of Civil Engineering, College of Engineering,
University of Tehran, Tehran, Iran

@ Springer

of future climate and weather conditions. As one of the
major stressors of ecosystems (Sala et al. 2000), climate
change challenges our ability to devise sustainable manage-
ment and conservation plans to maintain ecosystem services.
It has begun to alter ocean conditions, particularly water
temperature and various aspects of ocean biogeochemistry
(Gattuso et al. 2015), which are coupled tightly with the
physical processes (Hong and Shen 2012).

Gulfs are mainly affected by their surrounding landmass;
therefore, the hydro-environment regime in such water bod-
ies is closely linked with air temperature and precipitation
patterns (Alosairi and Pokavanich 2017; Noori et al. 2019).
Hence, alterations in meteorological variables such as air
temperature, relative humidity, and precipitation play a cru-
cial role in the future state of oceans and, particularly, gulfs.

The Persian Gulf (hereafter referred to as PG) in the Mid-
dle East, with 35% of the world’s seaborne oil shipments
(Al-Said et al. 2018) and over 50% of the global installed
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capacity of seawater desalination (Lee and Kaihatu 2018),
is a specific regional hotspot for climate change (Pal and
Eltahir 2016) and brine discharge (Ibrahim et al. 2020).
Asia’s air temperature rising over the past four decades has
been +0.35 °C per decade, twice the longer-term trend from
1910 to 2019 (NOAA’s Global Climate Report for Annual
2019). Increases in air temperature and changes in precipi-
tation patterns are considered to be critical climate change
impacts for the Middle East (Salimi and Al-Ghamdi 2020).
PG historically holds the highest sea surface temperature
(SST) records in the world (Brandl et al. 2020), which is
significantly affected by extremely high air temperatures
associated with dry northwest and humid southeast winds
(Paparella et al. 2019; Alosairi et al. 2020). Moreover, very
high Gulf-wide averaged evaporation rates exceed the pre-
cipitation, creating hypersaline water and driving an inverse
estuarine circulation (Al-Azri et al. 2014; Lorenz et al.
2020). These mounting values of temperature and salinity
have already caused considerable degradation in the marine
systems of PG (Riegl et al. 2018; Alosairi et al. 2020), and
high rates of local extinction are projected by the end of
the twenty-first century (Wabnitz et al. 2018; Buchanan
et al. 2019). The WCPs in PG induce spatial variability
in hydrographical characteristics, which in turn influence
the chemical composition, pollution transport, and associ-
ated ecological processes in each water mass (Al-Said et al.
2018). Hence, it is crucial to understand how the effects of
climate change on meteorological variables alter physical
properties and affect the WCPs in PG.

Previous observations and numerical modeling studies
on the physical properties of PG have shown that cyclonic
circulation is driven by density differences, wind stress, tidal
forcing, and freshwater fluxes (Ranjbar et al. 2020). The evo-
lution of the exchange flow is predominantly density-driven
(Moradi 2020) and follows a seasonal cycle, with a more vig-
orous exchange in spring and summer than in autumn and early
winter (Yao and Johns 2010; Lorenz et al. 2020). Tidal forcing
impacts circulation to a minor extent and only on the smaller
scales of space and time (Campos et al. 2020). The salinity
of PG is typically about 38—42 practical salinity units (psu)
(Chow et al. 2019) and has been reported to be around 50 psu
in limited areas (Anderlini et al. 1982; Lee and Kaihatu 2018),
with considerable seasonal variation in temperature of below
20 °C in winter to above 35 °C in summer (Reynolds 1993;
Alessi et al. 1999; Lorenz et al. 2020). A lower-saline Indian
Ocean surface water (IOSW) flows into PG in the top layers,
initially moving northward along the northern coast. The bulk
of the flow mixes with the existing hypersaline water in PG
(Johns et al. 2003; Chow et al. 2019; Campos et al. 2020).
Dry northwesterly winds of 7 to 18 m/s, known as Shamal
winds (Chow et al. 2019; Alosairi et al. 2020), occur first in
the northwestern part of PG and then spread southeast behind
the advancing cold front (Thoppil and Hogan 2010), create

an anti-cyclonic gyre along the northern coasts and a stronger
cyclonic gyre along the southern coasts (Cavalcante et al.
2016; Ranjbar et al. 2020).

Extensive research has been conducted using hydrody-
namic models to simulate current or past water mass prop-
erties of PG (e.g., Thoppil and Hogan 2010; Vasou et al.
2020). However, studies focusing on the future state of PG,
specifically ones using the climate model products as input
to the hydrodynamic models, are rare. The findings of these
studies reveal increases in water temperature (e.g., Noori
et al. 2019) and mixed rises and declines in salinity (e.g.,
Elhakeem and Elshorbagy 2015) in the future. Studies pay-
ing attention to the climate change impacts on the meteoro-
logical variables over the PG region primarily focus on wind
fields and project a decreasing trend in future wind speeds
(e.g., Alizadeh et al. 2020; Ranjbar et al. 2020; Wang et al.
2020). The meteorological condition of the surrounding land
significantly influences the hydro-physical characteristics of
PG (Noori et al. 2019; Alosairi et al. 2020). However, a
detailed investigation into the future physical state of PG,
considering the meteorological consequences of climate
change on the surrounding land, has yet to be undertaken.
Moreover, in previous studies, meteorological data have
rarely been used in the daily resolution.

The main goal of this research is to explore how the inter-
play between climate change and meteorological variables
influences salinity, temperature, and density of water mass
concerning WCPs. The contribution of this paper is twofold:
(a) To represent a perspective of meteorological conditions
over the PG region at the beginning of the next decade, and
(b) to project expected seasonal variations of PG hydro-
physical properties in 2030. We chose the year 2030 due
to the fact that the United Nations (UN) General Assembly
(New York) has titled 2021-2030 the “UN Decade on Eco-
system Restoration” (Bennett 2019; Waltham et al. 2020).
In this study, we simulated WCPs in PG for the beginning
of the next decade under three climate change Representa-
tive Concentration Pathway (RCP) scenarios. To achieve this
goal, we used the Statistical DownScaling Model (SDSM)
to derive projected daily climate data. In addition, we once
reran the hydrodynamic model with the same climatologi-
cal inputs that Kimpf and Sadrinasab (2006) used in their
already validated research conducted by the same model.
This approach brings a valuable advantage of comparability
of the results between these two studies.

Materials and Methods
Study Area

PG is a semi-enclosed sea in the Middle East, bordered
by seven countries, Iran in the north and the United Arab
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Emirates, Saudi Arabia, Qatar, Bahrain, Kuwait, and Iraq in
the south and west, and geographically located between 47°
37"E, 57° 57'E, 23° 40’ N, and 30° 20’ N (Fig. 1a). With an
average depth of 36 m and a maximum depth of 120 m, it is
classified as a shallow water body. PG is connected to the
Gulf of Oman, the Arabian Sea, and the Indian Ocean by the
Strait of Hormuz (SoH) in the east. The annual mean outflow

Fig.1 a The geographic
features of the study area and
bathymetry used in this study
(orange arrows show schematic

transport of PG through SoH is about 0.25 Sv (Reynolds
1993; Johns et al. 2003; L’Hégaret et al. 2015). At the head
of northwestern PG, the Arvandroud (also known as Shatt
Al-Arab), which is a combined flow of the Euphrates, Tigris,
and Karun rivers, provides the main freshwater inflow dur-
ing the periods of rainfall in winter and melting of snow in
spring (Al-Yamani et al. 2017). Air temperature in the region
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exceeds 50 °C in summer, and the mean annual rainfall along
the southern and northern coasts is less than 50 and 200 mm,
respectively (Noori et al. 2019).

Data Resources

To acquire a comprehensive view, we obtained long-term
climatological data from 24 meteorological stations around
PG on the coastline and the islands. Among these, 15 are
located in Iran, and the others are scattered over other coun-
tries (Fig. 1b). According to the study’s primary goal, we
gathered data on the hydrodynamic model’s meteorological
inputs. These include cloud coverage, wind speed and direc-
tion, air temperature, precipitation, and relative humidity
(from Basrah International Airport station, we could access
only long-term air temperature data). Our most important
criterion in station selection was the availability of observed
meteorological data for more than 10 years.

The geographical location and length of the dataset in
each station are demonstrated in Supplementary Table S1.
As it shows, 1045 years of daily records, ending in 2005,
have been available for the stations in Iran and Iraq. For the
other stations, we retrieved data from OGIMET (http://www.
ogimet.com/gsynres.phtml.en), which provides daily data
from 2000 to now. Insufficient data in these stations required
a modification in the downscaling procedure. Depending on
the data availability, each station’s reference period differed
from 10 to 45 years (1961-2005). We divided them into two
sets: the first 75% of the data to calibrate the downscaling
model and the rest for validation.

In this study, we downscaled the outputs of the second-
generation Canadian Earth System Model (CanESM2), a
very commonly-used general circulation model (GCM),
for downscaling, especially by regression-based statisti-
cal approaches (e.g., Adham et al. 2019; Gebrechorkos
et al. 2019), on the region. CanESM?2 is one of the most
well-known models producing daily predictor variables
that can be directly applied to SDSM. The advantage of
containing three RCP scenarios, RCP2.6 (a low concen-
tration scenario), RCP4.5 (an intermediate concentration
scenario), and RCP8.5 (a high concentration scenario),
makes it appropriate to be used to project future climate
conditions. We chose 18 GCM grid points covering
the stations from datasets of CanESM2 (Fig. 1b) with
a spatial resolution of 2.8125° (long.) X 2.8125° (lat.).
Large-scale National Center for Environmental Predic-
tion/National Center for Atmospheric Research (NCEP/
NCAR) reanalysis atmospheric data with a spatial res-
olution of 2.5° (long.) X 2.5° (lat.) were interpolated
onto the same grid as CanESM2 to be used as predic-
tors. We derived the interpolated NCEP/NCAR data and
CanESM2 daily simulations from Canadian Climate
Data and Scenarios (CCDS). This database contains 26

atmospheric variables on each grid point from 1961 to
2005, listed in Supplementary Table S2. Among the sta-
tions, 19 could be surrounded by four-grid-point squares,
and 5 stations could be covered by six-grid-point rectan-
gles because these were located very close to the bound-
ary of grid boxes (Supplementary Fig. S1).

We obtained bathymetry and coastline locations from
the ETOPO-2 database (Fig. 1a). To prevent numerical
instabilities, we slightly smoothed the bathymetry data
onto a 4-min grid and eliminated local topographic irregu-
larities, especially in SoH. Reaching an acceptable projec-
tion of the future changes in Arvandroud discharge needs
independent research focusing on how climate change
affects the quantity of water discharging throughout the
river’s catchment. Anthropogenic interference such as dam
construction, the desiccation of the Mesopotamian marsh-
lands, and the expansion of agricultural activities, in addi-
tion to the alterations in the rainfall patterns associated
with climate change in the region, have reduced the river
discharge (Alosairi et al. 2019). Nevertheless, extreme rain
events have triggered high discharges persisting for several
months (Alosairi et al. 2019). Limited access to hydrologi-
cal data, especially about extreme rainfall events and the
accompanying regional response to the high Arvandroud
discharges, is a significant challenge hampering a reliable
projection of the river discharge in the future (Bishop
et al. 2011; Haghighi et al. 2020). Moreover, input from
river discharge is much lower than estimates of evapora-
tive flux, which is the determining factor in the Gulf-wide
circulation in PG (Swift and Bower 2003). Hence, due to
our target year for hydrodynamic simulation and our focus
on alterations in meteorological conditions over the PG
region, climate change impacts on river discharge and also
on inflow from the open ocean are ignored in this research.
We derived riverine and open ocean inflow properties from
Kéampf and Sadrinasab (2006).

Model

We downscaled the CanESM?2 datasets on the coastal sta-
tions and islands, and, after performance evaluation of
the downscaling, we achieved daily values of the afore-
mentioned meteorological variables for 2006-2100. We
extracted the data for 2030 and interpolated them on a
4-min grid (similar to the bathymetry) by the inverse dis-
tance weighting (IDW) method, resulting in 5941 grid
points of daily data. We divided these data into seasonal
sets to demonstrate a long-term view of the future climatic
condition over PG. Then, to be applicable to a uniform-in-
space initialization, we used the arithmetic mean of these
daily data as daily meteorological inputs of the hydrody-
namic model.
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Downscaling Model

Regression-based downscaling methods rely on empirical
relationships between local predictands and regional pre-
dictors (Wilby et al. 2002). SDSM is developed based on
a multiple linear regression downscaling model (Wilby
et al. 2002) and assumes stable statistical relationships;
that is, the empirical statistical relationship is constant in
the case of future changes in climatic conditions (Wang
et al. 2019). In this research, we utilized an open-source
SDSM in the MATLAB environment for the downscal-
ing purpose (Arfa and Nasseri 2019). SDSM outputs
are the average of several weather ensembles that are
the results of linear regression models improved by sto-
chastic terms of bias correction. Because of the linear
structure of SDSM, feature selection is usually han-
dled through linear (and/or partial) correlation analysis
between a predictand and its probable predictors, which
are selected from NCEP/NCAR data. The weights of the
predictors are calculated via simple least squares or dual
simplex methods (Pahlavan et al. 2018). SDSM consists
of a sub-model to simulate discrete meteorological vari-
ables (precipitation and cloud coverage in this study) and
another for continuous variables (air temperature, rela-
tive humidity, and u- and v-components of wind speed in
this study). It must be noticed that, in this research, we
broke upwind speed into u- and v-components and then
considered them as scalars. A detailed explanation of
SDSM and its modules has been presented by Wilby et al.
(1999, 2002), and the main steps of operating SDSM are
briefly clarified in Pahlavan et al. (2018). (SDSM code in
MATLAB is available at https://doi.org/10.5281/zenodo.
7042148.)

The statistical performance of SDSM depends on
selecting appropriate predictor variables while developing
the predictor—predictand relationship because the choice
of predictors determines the character of the downscaled
climate scenario (Sada et al. 2019). In the current research,
for each meteorological variable in each station, we ana-
lyzed 104 or 156 (=4 or 6 (number of grid boxes) X 26
(atmospheric variables)) predictors. In the feature selec-
tion procedure, we used backward stepwise regression
presented by Hessami et al. (2008).

As the historical period initially defined by the Coupled
Model Intercomparison Project Phase 5 (CMIPS5) ends in
2005 (Taylor et al. 2012), we calibrated SDSM with the
NCEP/NCAR selected predictors until 2005. However,
in this research, in 8 stations, observed data before 2000
have not been available, and 2000-2005 seemed too short
to be confidently considered a reference period. In these
stations, we calibrated the model with NCEP/NCAR rea-
nalysis dataset for 2000-2016 or 2000-2017, depending on
available observed data, on the same grid as GCM.

@ Springer

Performance Evaluation of Statistical Downscaling

Among various performance evaluation techniques available
(e.g., Moriasi et al. 2007), we evaluated the performance of
SDSM based on the coefficient of determination (R?), root
mean square error and normalized root mean square error
(RMSE and NRMSE), Nash—-Sutcliffe efficiency (NSE),
Kling—Gupta efficiency (KGE), and Taylor skill score (Tay-
lorSS) metrics. R? indicates a comparison between the simu-
lated data’s explained variance and the observed data’s total
variance and ranges from 0 to 1, with greater values showing
less error variance. The RMSE is a widely used error metric
measuring the difference between the observed and simulated
values. It is commonly accepted that the lower the RMSE,
the better the model performance (Moriasi et al. 2007). In
this study, as the meteorological variables are of different
units and scales (for example, cloud coverage is in okta and
ranges between 0 to 8, but relative humidity is in percent and
ranges between 0 to 100), we also normalized RMSE by the
standard deviation of the observed values to be comparable
and easy to interpret. The NSE is an often-used normalized
statistic (e.g., Chitsaz et al. 2016) that determines the rela-
tive magnitude of the residual variance, or “noise,” compared
to the measured data variance, or “information” (Nash and
Sutcliffe 1970). It provides an interpretable scale to evaluate
the model’s performance and indicates how well the plot of
observed versus simulated data fits the 1:1 line (Moriasi et al.
2007). NSE ranges between —co and its perfect value (=1),
where NSE =0 indicates that the model simulations have the
same explanatory power as the mean of the observations, and
NSE <0 indicates that the model is a worse predictor than the
mean of the observations (Knoben et al. 2019). The KGE is
based on a decomposition of NSE into its constitutive compo-
nents (correlation, variability bias, and mean bias), addresses
several perceived weaknesses in NSE (Gupta et al. 2009), and
is increasingly used for model calibration and evaluation (e.g.,
Kling et al. 2012; Sada et al. 2019; Azarnivand et al. 2020).
Same as NSE ranges between —co and 1, where KGE=1 indi-
cates perfect agreement between simulations and observations,
but KGE>1— \/E ~ —0.41 is still considered to show “good”
performance (Knoben et al. 2019). TaylorSS (Taylor 2001)
is a commonly-used score in climate modeling studies (e.g.,
Ahmed et al. 2020; Khan et al. 2020; Tegegne et al. 2020)
ranges between 0 for inverse model performance (when the
correlation coefficient equals —1) and 1 for a perfect match
(when r and o equal 1) (Zamani and Berndtsson 2019). These
metrics can be expressed as follows:

N — —12
|20 -P
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where N is the length of time, O, is the observed value, P; is
the simulated value, O is the mean of the observed values, P
is the mean of the simulated values, r is the linear correlation
between observations and simulations, r;, is the maximum
theoretical correlation (= 1.0 in this study), o, is the standard
deviation in observed values, o, is the standard deviation in
simulated values, y, is the observation mean (i.e., equivalent
to 5), and p,, is the simulation mean (i.e., equivalent to F). In
this research, we calculated and presented these performance
criteria in the calibration and validation periods for each of
the six aforementioned variables.

Hydrodynamic Model

To simulate the seasonal WCPs, we employed the hydro-
dynamic component of the COHERENS model (COupled
Hydrodynamical-Ecological model for REgioNal Shelf seas)
(Luyten et al. 1999), which uses terrain-following (sigma)
coordinates. COHERENS is based on the Navier—Stokes
equations that consist of the equations of momentum, conti-
nuity, temperature, and salinity, with the Boussinesq approx-
imation involved in the horizontal momentum equations,
and the model equations are solved on an Arakawa C-grid
(Arakawa and Suarez 1983). The model is initialized in spa-
tially uniform mode with Cartesian lateral coordinates on the
f-plane (uniform Coriolis frequency) using a geographical
latitude of 27° N. Hydrodynamic basis and formulation in
sigma coordinates can be found in Luyten et al. (1999).
Since the current study mainly aims to assess the future
physical state of PG under the altered meteorological state
affected by climate change, comparing the results with the past
or present state is beneficial. According to the lack of recently
observed measurements in PG, hydrodynamic model validation

is problematic. We decided to set up COHERENS in the way
presented in Kdmpf and Sadrinasab (2006), which has already
been validated by Alessi et al. (1999). The initial and boundary
conditions and the numerical, mixing, and turbulence schemes
used in the model are summarized in Supplementary Materials
- A. Hydrodynamic model set-up. To briefly describe the lateral
boundaries, at the eastern open ocean boundary, we consid-
ered 2-layer temperature and salinity profiles extracted from
hydrographic observations (Alessi et al. 1999). The values of
the upper layer differed monthly (Supplementary Table A1),
and the water column underneath was kept at a temperature of
22 °C and a salinity of 36.5 psu throughout the previous simu-
lations. River discharge varies in a sinusoidal mode with an
annual mean of 500 m%/s (15.8 km3/year). ‘We selected a mini-
mum water depth of 3 m and, according to the model domain,
limited the maximum water depth to 150 m, which applies only
to the Gulf of Oman and does not affect the results notably. We
employed a Cartesian lateral grid size of Ax="7.4 km (east-west
direction) and Ay=6.6 km (north—south direction) and five
sigma levels. We once forced COHERENS in daily mode by
climatologic monthly mean atmospheric forcing derived from
54 years (1948-2002) of National Oceanic and Atmospheric
Administration (NOAA) data. In the next step, we ran the model
by the daily values of those variables obtained from SDSM for
2030. As three scenarios were considered to assess the climate
change impacts in 2030, we forced COHERENS for each sce-
nario separately. To reach a steady state seasonal cycle of water
mass characteristics in PG, we chose a simulation duration of
10 years (including the first 9 years as a warm-up period) for
each of four cases, namely the reference model (presented in
Kéampf and Sadrinasab (2006) and hereafter would be called the
Historical State of PG (HS) as it refers to 1948-2002) and the
results of RCPs (2.6, 4.5, and 8.5) for 2030. In this paper, results
gained from the last year of the simulation period are presented.

Results
SDSM Performance Evaluation

In this study, to assess the performance of SDSM, we
calculated R?, TaylorSS, NSE, KGE, and NRMSE statis-
tics for each of the six meteorological variables (Fig. 2).
The most significant values of R? (0.91-0.98), TaylorSS
(0.97-0.99), NSE (0.91-0.98), and KGE (0.93-0.99) and
the least values of NRMSE (0.16-0.29, refers to RMSE
values between 0.99 and 2.12) of air temperature for
both calibration and validation periods obviously dem-
onstrated the paramount reliability of simulated daily air
temperatures in SDSM. Although the results gained for
all six variables revealed fair values, the statistics showed
less accuracy in simulated precipitation with the larg-
est NRMSE (mostly between 0.70 and 0.90, refers to
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RMSE values between 1.67 and 2.94) and the smallest
R? (mostly between 0.23 and 0.52), TaylorSS (0.04-0.87),
NSE (0.07-0.53), and KGE (-0.18 to 0.69) for both the
calibration and validation periods. Among the other vari-
ables, the performance of SDSM for cloud coverage and
relative humidity was more satisfactory compared to
wind speed components. The results indicated that SDSM
shows its best performance in air temperature downscal-
ing, while precipitation downscaling, due to its inherent
high stochasticity, shows more uncertainty than the other
five aforementioned variables.

The assessment of the climate change impacts on the
selected meteorological variables under the three RCPs is
presented in Supplementary Materials - C. Projected future
climate.

The Persian Gulf Water Properties in the Future
Due to the tremendous amount of future data, assess-
ment and representation of the meteorological properties

in the region and hydrodynamic simulation for the entire
period were challenging endeavors. Hence, the results are
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represented and discussed only for the beginning of the next
decade. Before starting the hydrodynamic simulation, we
interpolated the data of 2030 on a 4-min gridded area of PG
by the IDW method and achieved 365 maps per scenario,
covering the whole year of 2030.

Meteorological Properties

As the exchange flow in PG follows a seasonal cycle (Kampf
and Sadrinasab 2006; Pous et al. 2015), we separated the
data into seasonal sets to represent a perspective of the
meteorological state in different seasons in 2030. The aver-
age values in summer are graphically demonstrated on the
maps in Fig. 3. In summer 2030, the eastern region of PG
(between Qatar and SoH) experiences higher cloud cover-
age, relative humidity, and precipitation with lower air tem-
perature and wind speed than the western half. This spatial
pattern is not stable in the other seasons. In winter, higher
cloud coverage and lower air temperature can be seen in the
western region, and greater precipitation and relative humid-
ity pertain to the central part of the northern coastline. In
all seasons, the wind speed slows while moving eastward.
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«Fig. 3 Spatial distributions of cloud coverage (a—c), relative humid-
ity (d—f), precipitation (g-i), air temperature (j-1), and wind speed
and direction (m-o) according to each scenario averaged for summer
2030, obtained on 23 (and 24 for air temperature) points and interpo-
lated on a 4-min gridded area

The maps showing seasonal averages are available in Sup-
plementary Figs. S11-S13.

The intensity of the impact of each scenario on each vari-
able in various seasons is compared and shown in Fig. 4.
According to this figure, in summer, projection under
RCP2.6 shows greater values of cloud coverage, relative
humidity, and wind speed compared to the other considered
scenarios. In contrast, in winter, the most significant cloud
coverage and relative humidity values belong to RCP4.5.
By averaging the interpolated results in the seasonal sets,
there is no regular relation to assessing scenarios’ mutual
severity or mildness.

Patterns of Water Temperature, Salinity, and Density
in the Target Year

The interpolated data of 2030 in daily resolution showed
minor standard deviations. The distribution and the average
values of standard deviations are represented in Supplemen-
tary Table S3. These standard deviations indicate that the
values for each day on the interpolated grid were very close
to their arithmetic mean. Thus, due to the time and equip-
ment limitations, we chose daily mean values in the spatially
uniform initialization mode of COHERENS. After running
the model as previously explained in the “Hydrodynamic
Model” Section, we extracted seasonally-separated Gulf-
averaged water temperature, salinity, and density on the bot-
tom and surface layers to be shown as the primary physical
characteristics determining WCP in PG. Note that HS refers
to 1948-2002.

The variations of temperature, salinity, and density of
water mass under the considered RCPs for 2030 in com-
parison to HS, 3D-averaged on a box named Central Region
(CR) located between 51° 24" E, 52° 9" E, 26° 22’ N, and
27° 49" N, are demonstrated in Fig. 5. The CR-averaged
temperature of HS differs between 20.1 °C in January and
February and 28 °C in August (Fig. 5b). In 2030, although
the temperature follows the same curve, it shifts upward by
approximately 4 °C, and the variation domain is between
23.5 and 32.6 °C. While the curves of scenarios move close
to each other, RCP8.5 (between 23.5 and 31.8 °C) shows
the closest values to HS, and RCP2.6 (between 24.2 and
32.6 °C) shows the warmest situation.

The CR-averaged salinity attains minimum values (~
40.1 psu) during July, and maximum salinities (& 40.8
psu) occur during September and October (Fig. 5c). RCPs
show an increase in CR-averaged salinity in 2030. Like the
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temperature graph, RCP8.5 (between 40.7 and 41.6 psu) and
RCP2.6 (between 41.3 and 42.6 psu) show the least and the
most increases in salinity, respectively.

Temperature and salinity are two main factors influenc-
ing water density which diminishes with salinity decline
or temperature rise. The CR-averaged density reaches the
maximum (~ 1028.8 kg/m?) during February and March
when the temperature is near its minimum, and the mini-
mum values of density (~ 1026.5 kg/m?) are in July and
August when temperature maximizes and salinity is close
to its minimum (Fig. 5d). The results clearly show a density
decrease in 2030, with the highest and lowest intensity under
RCPS8.5 (between 1025.5 and 1028.2 kg/m’) and RCP2.6
(between 1026.1 and 1028.7 kg/m?), in succession.

Seasonal Variations of the Water Body Characteristics
in the Target Year

The seasonal Gulf-wide variations of temperature, salinity,
density, and current speed of the water body in 2030 and
their differences with HS (it must be noted that HS refers to
1948-2002 and it is considered the historical state of the PG)
can give a proper perspective of the climate change impacts
(Alizadeh et al. 2020). Hence, we categorized the results to
represent the seasonal distribution of the parameters above
on the upper and lower sigma levels (surface and bottom)
of PG. The maps showing the distributions of temperature,
salinity, density, and current speed on the surface layer for
summer are presented here, and the others are in Supplemen-
tary Figs. S14-S51. The distributions of surface net heat and
salinity flux are also shown in Supplementary Materials to
better understand the changes in temperature and salinity.
In summer, on the surface layer, as seen in Fig. 6, the
whole water body becomes warmer under climate change
compared to HS. However, RCP2.6 (Fig. 6d) shows the
mildest (around 5 °C), and RCP8.5 (Fig. 6f) reveals the
most severe (about 5.8 °C) rise in comparison to HS. In the
RCPs, the bottom and surface layers become warmer than
HS, except for a small area in the middle of SoH. On the bot-
tom, in the southern part, RCP4.5 is the harshest scenario,
with a nearly 9.5 °C increase relative to HS on the right
side of Qatar. Still, in the northern region, RCP2.6 shows a
more considerable rise in water temperature. RCP8.5 shows
lighter differences with HS compared to the other two sce-
narios. In spring, an approximately uniform 7 °C rise on
the surface (Supplementary Fig. S19) and nearly 8 °C in
the southern region of the bottom layer (Supplementary
Fig. S20) can be observed under RCP2.6 and RCP4.5. In
autumn and winter (Supplementary Figs. S15-S18), the
temperature rise is from 2 to about 5 °C, and RCP8.5
becomes the most severe scenario, especially on the sur-
face. Details are represented graphically in Supplementary
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Figs. S14-S20. To check the results and achieve a mechanis-
tic understanding of the temperature changes, we provided
surface net heat flux for the whole year and each season in
Supplementary Figs. S21-25.

Climate change results show similarities in the general
pattern of salinity distribution (Fig. 7), with higher salini-
ties in vast areas and lower on the surface of a box on the
right side of Qatar in summer. In summer, RCP2.6 (Fig. 7d)
and RCP8.5 (Fig. 7f) show the greatest and the lightest
changes in salinity values, and this is generally true for the
other seasons, as seen in Supplementary Figs. S26-S32.
The results illustrate a decline in scattered, in some cases
extensive, areas on the bottom layer in autumn and winter

Fig.5 The location of the CR

(Supplementary Figs. S28 and S30) and on the surface layer
in spring (Supplementary Fig. S31) and summer (Fig. 7) in
2030. The surface salinity flux for the whole year and each
season is depicted in Supplementary Figs. S33—-S37 to pro-
vide a better understanding of the changes in salinity.

The distributions of water density on the surface layer in
summer show that the density of PG reaches its minimum
in summer (Fig. 8) as the temperature rises and attains its
maximum in winter (Supplementary Fig. 41) when the salin-
ity is high and the temperature is low. The same cycle is
perceived in RCPs for 2030, with an obvious decrease in
almost the whole area of PG (except in autumn) relative
to HS. Under RCP2.6 and RCP4.5, on some parts of the
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Fig.6 Spatial distributions of water temperature on the surface layer
averaged over summer for RCP 2.6 (a), RCP 4.5 (b), and RCP 8.5 (¢)
in 2030. Differences between water temperature distributions of each

surface layer in spring (Supplementary Fig. 43), the dif-
ference reaches -3.5 kg/m>. In autumn and winter, RCP8.5
shows the most considerable difference in density with HS,
while RCP2.6 and RCP4.5 demonstrate a low increase in
autumn. RCP8.5 is the mildest scenario in warmer seasons,
and the harshest differences occur under RCP4.5. Also, we
should mention that the surface layer experiences more sig-
nificant changes than the bottom layer. The distributions of
density for the other seasons and the bottom layer in sum-
mer can be found in Supplementary Figs. S38—-S44.
Current vectors demonstrating the speed and direc-
tion of water flow in PG are displayed over the speed
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scenario and HS for RCP 2.6 (d), RCP 4.5 (e), and RCP 8.5 (f) show
an obvious increase in temperature. HS is represented in (g)

magnitude in Fig. 9 for the surface layer in summer.
On the surface, in relation to vertical density gradients,
RCPs show very similar performances, with higher cur-
rent speeds than HS in most parts. As low-density bonds
near the northern coastline widen in summer and autumn
under RCPs relative to HS, the strip formed by the IOSW
becomes wider and stronger. However, on the dense bot-
tom layer, a comparison between the results of RCPs in
2030 and HS shows almost no significant changes in the
current speeds and directions. Current vectors are presented
in Supplementary Figs. S45-S51 for the other seasons
and the bottom layer in summer.
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Fig. 7 Spatial distributions of water salinity on the surface layer aver-
aged over summer for RCP 2.6 (a), RCP 4.5 (b), and RCP 8.5 (¢) in
2030. Differences between water salinity distributions of each sce-

Discussion
Climate Projections Over the Persian Gulf Region

We downscaled GCM data of six meteorological vari-
ables and achieved acceptable downscaling performance
for all of them. However, various metrics used in this study
to evaluate the performance of SDSM reveal its relative
weakness in downscaling precipitation. Precipitation time
series have stochastic nature and high variation, specifi-
cally in semi-arid and arid regions, which leads to down-
scaling precipitation with lower accuracy (Anaraki et al.
2021). It has been shown that, in such regions, SDSM

nario and HS for RCP 2.6 (d), RCP 4.5 (e), and RCP 8.5 (f) show
small positive values in most parts. HS is represented in (g)

represents weaker performance for precipitation downscal-
ing than regions with higher precipitation rates (e.g., Liu
et al. 2011; Wilby and Dawson 2013; Wang et al. 2019).
A reason could be the small number of non-zero observed
values in such regions, which restricts the quality of lin-
ear regression. It is becoming increasingly apparent that
climate change modeling in arid zones is extremely uncer-
tain, partly because of the extreme natural spatiotempo-
ral variability of the desert climate and partly because of
inherent uncertainties in global and regional climate mod-
eling (Lioubimtseva and Cole 2006). Gaur et al. (2021)
obtained sound performance for temperature and believed
that climate models often fail to represent the statistical
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Fig. 8 Spatial distributions of water density on the surface layer aver-
aged over summer for RCP 2.6 (a), RCP 4.5 (b), and RCP 8.5 (¢) in
2030. Differences between water density distributions of each sce-

properties of observed climate variables such as precipita-
tion. Precipitation is not only affected by atmospheric cir-
culation factors but also by the underlying surface condi-
tions and human activities, thereby hindering its accurate
projection (Wang et al. 2019).

Our findings on the projected future meteorological con-
dition of the region are consistent with many other regional
climate change studies (e.g., AlSarmi and Washington
2011; Elhakeem et al. 2015; Al-Mukhtar and Qasim 2019;
Alizadeh et al. 2020; Wang et al. 2020), which reported an
increase in air temperature and a decrease in precipitation
and wind speed during the subsequent decades in differ-
ent parts of the study area. Although our wind field results
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nario and HS for RCP 2.6 (d), RCP 4.5 (e), and RCP 8.5 (f) show a
decrease in water density. HS is represented in (g)

are in line with several studies (e.g., Alizadeh et al. 2020;
Wang et al. 2020), Ranjbar et al. (2020) found alterations in
wind direction, which might be due to different approaches
and different data they used. Because employed GCMs,
selected predictors, and downscaling methods highly affect
the results of downscaling, assessing climate projections in
diverse climates using various downscaling schemes has
presented contradictory results (Baghanam et al. 2020).
Differences in GCMs and downscaling approaches are two
major sources of uncertainties in climate change assessments
that cause significant differences in downscaled outcomes.
Downscaling methods can alter fundamental climate change
signals (Liu et al. 2017). The performances of various GCMs
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Fig.9 Spatial distributions of current vectors over speed on the sur-
face layer averaged over summer for RCP 2.6 (a), RCP 4.5 (b), and
RCP 8.5 (c) in 2030. Differences between the current speed distribu-

have been shown to vary over different regions (Ahmed et al.
2019). Of course, different downscaled results among GCMs
are not surprising, as the GCMs are developed based on
various assumptions, approximations, and parameterizations
(Rashid et al. 2015).

General Water Circulation Patterns in the Persian
Gulf

Changes in meteorological variables directly influence
the evaporation rate and exchange flow, which noticeably

tions of each scenario and HS for RCP 2.6 (d), RCP 4.5 (e), and RCP
8.5 (f) show an increase in current speed in vast areas. HS is repre-
sented in (g)

affects hydro-physical properties. In PG, the general WCP
follows a seasonal cycle, and water exchange and circula-
tion interact closely with water temperature, salinity, and
density.

Our simulation shows that in summer, a cyclonic
overturning circulation is formed along the length of PG
(Fig. 9g). The IOSW reclines on the northern coastline
with a prominent effect on the bottom layer and, at the
northwestern head, merges with Arvandroud inflow. The
combined flow is pushed to the south along the Arabian
coast by steady northwesterly wind until reaching around
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Bahrain and Qatar. In the center of the northwestern part,
a denser, enclosed inert region initiates with an overall
counter-clockwise gyre around. In 2030, the density gradi-
ents increase, and the surface currents’ speeds rise, mostly
under RCP2.6 (Fig. 9a) and RCP4.5 (Fig. 9b). Moreover,
the area of the enclosed inert region diminishes slightly.
On the bottom layer with almost uniform densities, dense
water moves eastward to leave PG from SoH (Supplemen-
tary Fig. S45). In autumn, the IOSW zigzags and does not
reach Arvandroud inflow, and, in a more chaotic pattern,
the cyclonic circulation is not formed (Supplementary
Fig. S46). The lower temperature in autumn makes the bot-
tom water denser, and relatively lower densities of the bot-
tom layer under RCP8.5 produce slower bottom currents
compared to the other scenarios (Supplementary Fig. S47).
In winter, the IOSW has broken up into mesoscale eddies
on the surface layer, producing turbulence and vanishing
Arvandroud inflow (Supplementary Fig. S48). Hence, a
very turbulent pattern on the surface layer in winter is
also distinguishable among the considered scenarios.
The directions of current vectors are not similar in RCPs.
Cooler high-saline water in winter causes higher densities
on the bottom layer (Supplementary Fig. S49). Spring is
the time when the strong IOSW forms as a consequence of
strong density gradients across SoH. In spring, the Arvan-
droud plume can be distinguished, and the IOSW vanishes
the mesoscale eddies (Supplementary Fig. S50).

The general WCP of HS is identifiable under RCPs for
2030, which seems inconsistent with the findings of Ranjbar
et al. (2020). They indicated that although sea level rise
will not change the general WCP in PG, the changes in the
future wind field will alter both the speed and the direction
of residual currents. The inconsistency comes from the dif-
ferent projected wind fields in the two studies. Altered wind
directions in Ranjbar et al. (2020) have resulted in altered
direction of residual currents.

Water Temperature and Salinity of the Persian Gulf

Due to nonlinear relationships among variables, water tem-
perature and salinity modeling are complex procedures. In
oceans and gulfs, where tidal and wind waves affect surface
waters, the complexity of the problem is further exacerbated
(Shamshirband et al. 2019). It is not possible to accurately
compare the CR-averaged variations of temperature, salin-
ity, and density in 2030 (Fig. 5) with the other studies. How-
ever, the decreasing pattern of salinity (on the CR box) and
rising pattern of temperature that Elhakeem and Elshorbagy
(2015) presented corroborate our results, and the tempera-
tures are roughly in accord with Noori et al. (2019). As
the model has been validated by Alessi et al. (1999), the
temperature and salinity values of HS are consistent with
the observations.
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Generally, the results reveal a temperature rise in all sea-
sons in 2030. In the warmer seasons, summer and spring,
larger increases occur. Summer is highly linked to climatic
effects (Alosairi and Pokavanich 2017). The differences
between each scenario and HS on the surface in summer
seem semi-uniform but with little lower values near SoH. On
the bottom layer, in summer (Supplementary Fig. S14), there
is a significant difference of about 11 °C between the cooler
northern half and the warmer southern part of PG in the
RCPs. According to the bathymetry of PG, the north region
is much deeper than the southern part, and vertical tempera-
ture gradients in the shallower south are smaller. Thus, the
bottom temperature in the shallower southern part is close to
the surface temperature. As Al-Yamani et al. (2017)’s results
of long-term monitoring of the hydrographic conditions in
the northwest of PG over the last three decades showed, an
average summer SST of nearly 37 °C is not surprising in PG.
Alosairi et al. (2020) in-situ SST measurements for five con-
secutive years (2016, 2017, 2018, 2019, and 2020) indicated
similar temperatures as well, of course in the northwest of
PG. Top-to-bottom temperature gradients reach more than
10 °C in HS and exceed 12 °C in 2030. This is in agree-
ment with the measurements first time conducted by Emery
(1956), showing summer thermocline in PG.

The distributions of salinity on the surface of PG in sum-
mer (Fig. 7) show the low-saline robust inflow of IOSW
makes a wide low-saline strip in the northeast. Also, the
low-saline inflow of Arvandroud forms a narrow low-saline
strip on the surface layer in the southwest. On the south-
ern coastline, there is a restricted region with high amounts
of salinity. In spring and early summer, as the inflow of
Arvandroud increases, the western low-saline surface strip
becomes broader and more powerful, so the salinity val-
ues decrease more in that part. Under RCPs, in all seasons,
salinity increases in most parts, especially in the restricted
southern region.

Our findings in increasing water temperature pat-
terns over PG, mostly in spring and summer, and slight
changes, increasing in some parts and decreasing in oth-
ers, of salinity under climate change impacts, and spatial
distributions in HS are similar to that reported by the pre-
vious studies (e.g., Xue and Eltahir 2015; Elhakeem and
Elshorbagy 2015; Al-Said et al. 2018; Noori et al. 2019).
Elhakeem and Elshorbagy (2015) showed an increase in
salinity in vast areas of PG, with a decline in some parts.
Still, they reported more minor temperature changes com-
pared to our study, which might be due to differences
in scenarios, data, and methodology between the two
studies. They considered A2 and B1 scenarios from the
Special Report on Emissions Scenarios (SRES), which
are not directly comparable to RCP scenarios (Clarke
et al. 2014). They also used the outputs of MAGICC/
SCENGEN (model for the assessment of greenhouse-gas
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induced climate change/a regional climate SCENario
GENerator) for 2020, 2050, and 2080 as inputs for the
Delft3D-Flow hydrodynamic model. Furthermore, the
meteorological aspect of their study was mainly focused
on air temperature, and the other variables were extended
to 2080 without change. Differences in methods and mod-
els with various assumptions and formulations can pro-
duce different results. Also, with a completely different
methodology, Noori et al. (2019) showed an increasing
pattern in the SST of PG.

Water exchange across SoH is forced mainly by exten-
sive annual evaporation, which drives a shallow inflow of
IOSW from the Arabian Sea and a deep outflow of dense
hypersaline PG water (PGW) (Schott and McCreary,
Jr. 2001; Vasou et al. 2020). Seasonal variations in the
strength of IOSW influx predominantly contribute to
altering physical properties and processes in PG. Signifi-
cantly, the salinity variations in PG are strongly sensitive
to the inflow of IOSW (Yao and Johns 2010), which is
highly vulnerable to monsoon wind changes (Kimpf and
Sadrinasab 2006) and is more effective in summer. In
winter, when IOSW is weak, stronger winds and a more
considerable difference between air and water tempera-
ture cause higher evaporation rates and, consequently,
higher salinity. In this study, we focused on changes in
meteorological variables over PG and assumed that cli-
mate change does not make IOSW warmer. Due to the
tremendous volume of ocean water compared to PG,
IOSW could be supposed as an infinite water reservoir
with negligible variations in evaporation regime and
meteorological variables under climate change impacts,
particularly in the near future. In spite of being negligible,
this assumption might have led to an underestimated rise
in vertical density gradients. Increasing trends of surface
salinity in the northwestern Indian Ocean and the Arabian
Sea (Durack and Wijffels 2010; Trott et al. 2019) coupled
with temperature rise results in [OSW inflow with lower
density and different hydro-physical characteristics.

Effects on Biodiversity of the Persian Gulf

With a variety of habitats, including coral reefs, sabkhas,
mudflats, mangrove swamps, and seagrass beds that play
a significant role in carbon storage within this region
(Campbell et al. 2015) and also can be rich in marine bio-
diversity, PG is a productive maritime region (Burt 2014).
However, marine biodiversity is rapidly declining from the
synergistic effects of increasing environmental extremes
associated with climate change and extensive anthropo-
genic stressors (Buchanan et al. 2019).

More than 7000 km? of seagrasses in PG, with the
world’s second-largest population of dugongs and green

turtles, play a vital role in stabilizing the nearshore seabed
and as food for threatened species or indirect source of
food for many marine organisms (Erftemeijer and Shuail
2012). Some studies in the United States have claimed that
seagrasses are likely to benefit from climate change due
to ocean acidification and more abundant carbon dioxide
substrate (e.g., Zimmerman 2021). In contrast, Guerrero-
Meseguer et al. (2020) did not observe any changes in the
seagrass bed composition of the northern Gulf of Mexico
in response to acidification. They mentioned the environ-
mental changes in salinity and turbidity to be the signifi-
cant factors counteracting any positive effects of ocean
acidification. There are vast arid deserts in the south of
PG, and the increasing frequency of dust storms in the
region brings prodigious loads of nutrients to PG, which
impacts its water quality and the equilibrium of its ecosys-
tem (Al Azhar et al. 2016). Temperature is another factor
affecting seagrass growth. According to Erftemeijer and
Shuail (2012), seagrass species in PG can tolerate wide
ranges of salinity and temperature (up to 37 °C). Thus,
our salinity and temperature projections do not indicate a
threatening condition for PG seagrasses in the near future.

The heat-tolerant PG coral populations, adapted to cope
with exceptionally high seasonal temperature maxima and
large annual fluctuations, represent a genetic resource that
could potentially facilitate the necessary increases in ther-
mal tolerance for corals to withstand temperatures projected
towards the turn of the century (Hume et al. 2015). These
corals are mainly found in coastal regions that, due to our
projections, are becoming not only warmer but also saltier. A
rise in temperature and salinity, especially in summer, could
provide suitable conditions for some species of dinoflagel-
lates that cause harmful algal blooms in the Gulf of Oman
and PG (Al-Azri et al. 2014), threatening these and other
remarkable habitats and species.

Alterations in water temperature, salinity, and density
influence the physical and chemical conditions of the
marine environment and impact the rich biodiversity of
PG. Furthermore, any differentiations in these parameters
can affect the Gulf of Oman and the open ocean through
PGW, an oxygenated high-salinity water mass identifiable
in the Arabian Sea (Phillips et al. 2021). PGW is one of
the major factors causing harmful algal blooms in the Gulf
of Oman (Sedigh Marvasti et al. 2016). Warmer PGW, as
projected in our study, could lower its oxygen concentra-
tions (Rixen et al. 2020) and alter the ventilation of the
Arabian Sea oxygen minimum zone, leading to an increase
in hypoxic and anoxic events in the northern Arabian Sea
(Lachkar et al. 2019). This potentially has profound conse-
quences for the biogeochemical and ecological functioning
of the Arabian Sea and the Indian Ocean at large (Sheehan
et al. 2020).
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Conclusion

This study attempts to assess how the interplay between cli-
mate change and the meteorological variables affects salinity,
temperature, and density of water mass in relation to WCPs in
PG. We downscaled the required meteorological inputs of the
hydrodynamic model, COHERENS, including cloud cover-
age, relative humidity, precipitation, air temperature, and wind
speed components, using SDSM. Then, we projected water
temperature, salinity, density, and WCP under three RCP (2.6,
4.5, and 8.5) scenarios for the target year 2030.

The meteorological state is significantly influenced by
climate change and highly impacts water temperature and
circulation in PG. According to this study, altered mete-
orological variables under the impacts of climate change,
especially higher air temperature and less precipitation, at
the beginning of the next decade will lead to higher water
temperature, higher salinity (except on the surface of a box
at the right side of Qatar), lower surface density, and larger
vertical density gradients, which cause a rise in speeds of
surface currents. A higher evaporation rate that results in
greater water exchange (outflow of dense high-saline PGW
and inflow of lower-saline IOSW) might be the leading
cause. This effect of the phenomenon has been shown by
Swift and Bower (2003) in detail. The general WCP of HS,
including cyclonic overturning circulation in summer, mean-
ders of the surface inflow from SoH in autumn, mesoscale
eddies in winter, Arvandroud plume in spring, etc., can still
be seen under RCPs in 2030.

Evaluating other GCMs and downscaling approaches is
highly recommended to achieve a comprehensive perspec-
tive of climate change on PG in future studies. Perhaps
combinations of different GCMs, especially from CMIP6
models and scenarios, could be assessed and used. Accord-
ing to climatic changes and the development of the desali-
nation industry in the region, more and newer observational
data are required to provide the possibility of more accurate
model validation and obtain more precise results. The reli-
able, higher-resolution bathymetry data would lead to more
accurate results. Variations in Arvandroud discharge and
inflow salinity (especially due to the development of the
desalination industry) and the effects of climate change on
them are uncertainty sources in hydrodynamic simulation.
It is recommended to consider these variations and effects
in future studies. Modeling for a more extensive duration
and focusing on heat flux forcing on the circulation in PG
can help to obtain a more expansive view of climate change
impacts on PG. Furthermore, the biological effects of the
changing physical state of PG can be the focus of future
studies.

The mounting values of temperature and salinity have
resulted in extensive degradation in the marine ecosystems of
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PG like coral reefs during the recent decades (Riegl and Purkis 2015;
Burt et al. 2019), and this study projects more severe degra-
dations in the future. Since marine ecosystems represent sig-
nificant biodiversity hotspots in this arid region (Vaughan et al.
2019), there are likely to be serious ecological depletions as a
consequence of rising temperatures (Bouwmeester et al. 2020)
and salinities (Elobaid et al. 2022). Alterations in temperature
and salinity affect the physical and chemical state (e.g., pH) of
PG, which directly influences algal growth (Deng et al. 2021).
There will also be knock-on effects for fish, both as a result of
loss of habitat as well as direct physiological costs from more
extreme environmental conditions (Buchanan et al. 2016;
D’Agostino et al. 2021).
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