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A distributed wind downscaling technique for wave climate modeling under future scenarios
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Abstract: The aim of this study is to develop a Weibull-based distributed downscaling technique
for wind field as forcing for the wave models to investigate the wave climate under future
scenarios. For this purpose, the statistical downscaling approach modifies Weibull distribution
parameters of the global circulation model wind speeds based on the corresponding features of
wind data of ECMWEF (European Center for Medium-Range Weather Forecasts). The proposed
technique has the advantage of modifying the wind components in each grid point based on the
corresponding values in the same grid point of ECMWF wind field. Hence, it is superior to other
existing models due to considering the spatial variation. The previous models using inverse
distance weighting suffer from heterogeneity and ignoring spatial variation in areas with high
gradient of wind speed. Moreover, the Weibull-based technique outperforms the existing
statistical downscaling techniques in terms of accuracy. Prior to investigate future distribution of
wave characteristics, performance of the selected GCM was evaluated and compared against the
corresponding models obtained from the available regional climate models. Future projections of
wind fields (RCP4.5, RCP8.5) were downscaled for the period of 2081 to 2100 with the
proposed model as driving force for wave modeling in the Persian Gulf. To investigate the
impacts of climate change on wave characteristics, results of the wave simulations from a third
generation wave model (SWAN) for future scenarios are compared with those of the historical
period (1981-2000) in monthly, seasonal, and annual scales. Generally, for RCP8.5, the results
indicate a decrease in future significant wave height and peak wave period about 15% and 5%,
respectively. However, the change of wave direction is marginal. Moreover, wave models forced
with RCP4.5 wind data provide slightly higher average values in terms of wave height and peak
wave period compared to those of RCP8.5.

Keywords: Wave climate, Future scenarios, Climate change, Distributed downscaling approach,
Wind field, Weibull parameters
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1. Introduction

Ocean surface gravity waves generated by the wind action over air-sea interface (henceforth
called waves) contain more than half of the energy carried by all waves at the ocean surface
surpassing the contribution of tides, tsunamis, coastal surges, and others (Semedo et al., 2011).
They are of great importance for many different coastal engineering applications such as design
and construction of coastal protection structures and harbors, marine transportation, sediment
transport studies, coastal geomorphology and environmental purposes. Wave climate can refer to
distribution of wave characteristics (e.g., height, period, and direction) for a given place averaged
over several years. Therefore, investigation of wave climate is a key element toward reliable
design and development of coastal and marine industries.

Climate change and its impacts on a variety of atmospheric, oceanic and earth surface processes
have taken much attention, and several different general circulation models (GCMSs) considering
different scenarios and future probable conditions have been run in order to generate the
projection of different variables. Thus, due to existing outputs of several GCMs representing
climate change and global warming influences on different variables which the planet is
experiencing, consideration of future trends in wave climate is an essential step for operation and
designing of offshore and onshore structures. Recently, regional climate models (RCMs)
considering the regional conditions have been developed to overcome coarse resolution of the
GCMs. In this regard, CORDEX (Coordinated Regional Climate Downscaling Experiment)
outputs are among the most popular RCMs available for climate change studies for different
regions over the world. However, little attention was devoted for projection of wind waves in the
Intergovernmental Panel on Climate Change (IPCC) Coupled Model Intercomparison Project
Phase 5 (CMIP5). On the other hand, surface winds have received more attention and
subsequently, they have been simulated and presented as outputs of several GCMs/RCMs under
different future scenarios. Since the surface winds are considered as the main driving forces for
wind waves, they can be employed in wave models to project wave climate under different
climate change conditions. In this regard, many researchers applied wind data from different
GCM s for investigation of wave characteristics and its prospective changes (Hemer et al., 2013b;
Kamranzad et al., 2015; Semedo et al., 2018; Vanem, 2015; Wandres et al., 2017; Wang et al.,
2018).

Semedo et al. (2012) employed a global wave model to explore impacts of future warmer climate
through A1B emission scenario. The results indicated increasing and decreasing trends in mean
significant wave height (Hs) for lower and higher latitudes, respectively. The variations are more
intensified in southern hemisphere compared to the northern one. Hemer et al. (2013a) reported a
decrease in annual mean Hg over 25.8% of the global ocean area whereas a projected increase in
annual mean Hs was found over 7.1% of the global ocean predominantly in the Southern Ocean.
Moreover, it was shown that the decrease rate is greater during boreal winter than austral winter,
while the increase rate is greater for austral winter. Wang et al. (2015) investigated a 20-model
ensemble of Hg simulations for the period 2006— 2099. The results revealed that the model
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uncertainty is about 10 times as large as the variability between the RCP4.5 and RCP8.5
scenarios. Ruest et al. (2016) investigated the effect of sea ice on wave climate in The Gulf of St.
Lawrence, Canada. The results implied that extreme Hg on the Gulf decreased during 1981 to
2010 due to effect of sea ice. However, for future climate condition and because of reduction of
sea ice and its impacts on the Gulf climate, an increase in extreme wave height was predicted.
Hegermiller et al. (2017) and Camus et al. (2017) applied multimodal wave spectrum technique
for statistical downscaling of local wave climate by using the relationship between sea level
pressure (SLP) and wave parameters. The results demonstrated efficiency of the proposed
methods to statistically model multimodal wave climate. Wandres et al. (2017) investigated
future prospective of wave energy along southwestern Australia under RCP4.5 and RCP8.5
scenarios. The results indicated an increase up to 20% in mean wave energy flux in shallow
waters under both future scenarios. Moreover, it was found that changes in offshore mean wave
direction have more impacts on nearshore and shelf wave climate compared to wave height in
offshore. Aarnes et al. (2017) projected a decreasing trend in annual mean significant wave
height in the northeast Atlantic under future climatic conditions. According to their study, it can
be found that both scenarios (RCP4.5 and RCP8.5) projects the largest changes in significant
wave height around the mean while for the upper tail of the distribution the tendency is weaker.
However, for the extremes, an increase was reported in some locations such as west of the
British Isles and the southern coastal areas of Norway. Casas-Prat et al. (2018) employed
WAVEWATCH Il and GCM data of sea ice and wind (RCP8.5) to project global ocean wave
climate. The study demonstrated a decrease in wind speed and wave height in the North Atlantic
and an increase in annual mean of wind speed, wave height and peak wave period in mid-high
latitudes of the Sothern Hemisphere. Moreover, a significant counterclockwise rotation in the
mean wave direction was projected in the Southern Hemisphere which resulted in more intense
waves travelling towards the Equator and developing into swells. This can be considered as the
main reason for increasing trends in wave height and period in the East Pacific and Indian
Oceans while a decreasing pattern for wind speeds are projected for these areas. A similar trend
for variation in global ocean wave climate in the mid-21%t century (2013-2060) has been reported
in a separate research study by Lemos et al. (2019). For this purpose, WAve Model (WAM)
forced with outputs of ice coverage and wind speed from EC-Earth projections under RCP8.5
was employed to simulate wave climate for future warmer climate.

Global wave climate projection is beneficial to investigate general trends in future conditions,
while for practical applications in coastal engineering, simulating wave climate at local scale is
of great importance to extract more details with higher accuracy and reliability for a particular
area. In this regard, wave models forcing with localized GCM (downscaled) wind data are an
appropriate proxy to investigate the change of wave climate under future projections. Generally
speaking, the GCMs are normally run for globally scale and represent coarse resolution which
can not reflect topographical effects. Therefore, it is a common task to downscale GCM outputs
prior to driving wave models. Previously, dynamical and statistical downscaling techniques have
been employed for this purpose with the latter one attracting much popularity due to its
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simplicity and easy application. To project future wave climate, statistical techniques using
regression models are employed to make a relationship between predictors including
atmospheric variables (such as surface wind speed, mean sea level pressure, etc.) and ocean
wave heights as predictant (Caires et al., 2006; Wang et al., 2014; Wang et al., 2010). It was
indicated that using surface wind speed alone as the most important predictor might be sufficient
to represent ocean wave heights even though other variables such as anomalies of sea level
pressure can be considered as supplementary predictors to make improvement on the predictant
estimation (Wang et al., 2010). Thus, different types of statistical techniques such as quantile
mapping (QM), multiplicative shifting method (MSM), and machine learning based models were
developed to downscale atmospheric variables such as wind speed/components for a given point
or station (Breslow and Sailor, 2002; Kamranzad et al., 2015; Sangelantoni et al., 2018).
Regardless of the statistical downscaling type, the previous models were usually implemented
based on inverse distance weighting which does not consider the spatial distribution for regions
with rapid changes in wind speeds. Therefore, development of distributed downscaling models
which reflect spatial characteristics of the climatic variable is of great interest for future wind
and wave projections.

The aim of this study is to develop a robust distributed downscaling approach for the wind field
to be used as the forcing for wave models and to investigate the wave climate under future
projections. The model is established by modifying Weibull parameters of simulated wind
components obtained from GCM at each grid cell and repeating the process for the other cells in
the domain. It has two advantages of 1) the distributed feature consider spatial variation of the
variable is superior to inverse distance weighting already applied for downscaling purpose, 2) the
Weibull method yields better predictions than existing regression based techniques. Additionally,
performance of different GCMs and also three different regional climate models (RCMs) are
evaluated to select the best climatic model providing wind data for wave model development.
Eventually, the modified GCM wind fields are used as forcing for the SWAN model to simulate
the wave climate in the Persian Gulf. In section 2, study area, data resources and methodology
are described. Results related to wind speed projection and changes in wave climate in monthly,
seasonal and annual scales are discussed in section 3. Main findings of the study are summarized
in the last section.

2. Materials and methods
2.1. Study area and data resources

The Persian Gulf, as a semi-enclosed crescent-shape sea, is an extension of the Indian Ocean that
runs northwest of the Gulf of Oman, surrounded by the Iranian Plateau in the north and the
Arabian Peninsula in the south (Figure 1). The narrowest part of the Persian Gulf (called the
Strait of Hormuz) links it to the open ocean. Due to having the largest oil resources in the world,
fishing ground, reefs and oysters, the Persian Gulf has a great importance for industrial,
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economic and ecological aspects. Study of wave climate and its future changes in the Persian
Gulf is beneficial for many purposes such as development of marine industries, transportation,
port design and operation, and coastal structures. The so-called Shamal wind is the dominant
wind in the area affecting middle and northwestern parts of the Persian Gulf which mainly blows
in summer and winter seasons. To investigate the wave climate in the study area, 4 points in
different parts of the Persian Gulf have been considered as the selected stations (Figure 1). Table
1 summarizes the geographic coordinates and depths of the selected stations.

Figure 1. Study area and selected stations

Table 1. Location and depth of the selected stations

Point Long. Lat. Label Depth
1 50.67 28.7875 W 28.6
2 52.50 27.3180 M1 64.9
3 56.20 26.5000 E 82.5
4 53.00 25.6000 M2 37.2

The datasets used in this study include ECMWF ERA-Interim reanalysis wind data (Dee et al.,
2011) for the period of 1981 to 2000 as reference wind data, and historical (1981-2000) and
future (2081-2100) GCM wind data. There are many different GCMs/RCMs providing the wind
outputs for future scenarios in which the appropriate one should be selected having the highest
consistency with the wind climate of the area. In this regard, outputs of two different GCMs of
CMCC-CM and MPI-ESM-LR and CORDEX outputs of three RCMs of EC-EARTH, CNRM
and GFDL-ESM2M have been assessed prior to wave future projection. The CORDEX outputs
of MENA (Middle East and North Africa) were employed to cover the study area properly. Table

2 gives characteristics of different climate models considered as tentative wind data for wave
simulations.
Table 2. Characteristics of the GCMs/RCMs
GCM/RCM Name Institute Resolution
Spatial Temporal
(degree)
GCM CMCC-CM The Centro Euro-Mediterraneo sui 0.75x0.75 3hr
Cambiamenti Climatici Climate
Model
GCM MPI-ESM-LR Max Planck Institute 1.865x%1.875 3hr
RCM EC-EARTH European community Earth- 0.22x0.22 lday
System Model
RCM GFDL- The Geophysical Fluid Dynamics 0.22x0.22 lday
ESM2M Laboratory
RCM CNRM-CM5 Centre National de Recherches 0.44x0.44 lday

Meteorologiques
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There are many different GCMs that provide wind data for historical and future scenario with
different spatial and temporal resolution. Exploring efficiency of other GCMs for the study area
to select the best GCM can be interesting although it could be expected that these differences are
smaller in the corrected data (downscaled data). Abbasian et al. (2019) evaluated performance of
37 different GCMs of CMIP5 in simulating temperature and precipitation over Iran indicating
efficiency of CMCC model for climate projection in the area. Similarly, results of the other
studies revealed that the CMCC is among the best GCMs representing climatic variable over the
north-east Atlantic region (Perez et al., 2014), India (Mishra et al., 2014), and Pakistan (Khan et
al., 2018). However, applying ensemble models gaining advantage of several GCMs can be a
good option to deal with uncertainty embedded in GCMs than running the model for a single
GCM (Hemer et al., 2013a; Wang et al., 2015). The primary purpose of this study was to apply
the proposed downscaling approach for the CMCC-CM model representing higher spatial and
temporal resolution than the other GCM. However, efficiency of the other GCM and RCMs
(Table 2) has been investigated to demonstrate suitability of the selected climate model. The
future GCM outputs have been obtained by running global circulation models using different
assumption of greenhouse gas concentration scenarios known as the Representative
Concentration Pathways (RCPs) in which, RCP4.5 (an intermediate concentration scenario) and
RCP8.5 (a high concentration scenario) are two commonly studied scenarios. RCP4.5 and
RCP8.5 describe scenarios with radiative forcing reaching 4.5 W/m? and 8.5 W/m? respectively,
by the end of the year 2100. All utilized datasets were retrieved with 0.75°%0.75° and 6 hourly
spatial and temporal resolutions, respectively. Moreover, both ECMWF (ERA-Interim) and
CMCC-CM (historical and RCPs 4.5 and 8.5) have single ensemble member size. Due to lower
temporal resolution of ECMWF wind data (6 hr), the GCM data were applied with 6 hr intervals
even though the datasets were available for finer resolution (3 hr). Formerly, ECMWF wind data
have been successfully applied for assessment of wind and wave climate in different areas
(Amirinia et al., 2017; Kamranzad et al., 2016; Kamranzad et al., 2015; Patra and Bhaskaran,
2017; Wandres et al., 2018). It is noticed that wind data with higher resolution are desirable for
such a study area to reflect land-sea effects. However, lack of data with required resolution is a
big limitation for this purpose. Using ERA-Interim wind data to force SWAN model in the North
Atlantic, it was found that a coarse resolution wave model may give a few meters lower extreme
H; than a high resolution model (Bitner-Gregersen et al., 2016). Figure 2 illustrates the spatial
distribution of average wind speeds of ECMWF and GCM in the study area from 1981 to 2000.
As observed from Figure 2, the wind speed has higher averages in the middle and northwestern
parts of the Persian Gulf which can reflect the impact of the Shamal Wind. Although there are
some inconsistencies in wind speed pattern in outer part of the Persian Gulf, the spatial variation
of wind speed for both data resources shows roughly a similar pattern. Generally, for the study
area, it can be stated that the GCM wind speed has lower averages than the corresponding values
of ECMWEF. However, the GCM outputs due to running on a global scale may ignore
topographical and land-sea interface effects.
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Figure 2. Spatial distribution of wind speed in historical period a) ECMWF b) GCM

2.2. Wind modification and downscaling
2.2.1. Weibull-based technique

Downscaling of GCM wind outputs using different statistical techniques is a common task
dealing with climate change studies. Thus, many different techniques such as nonlinear and
linear regressions, quantile mapping, Weibull based approach and artificial intelligence methods
have been employed to diagnose the relationship between the GCM outputs as predictor with
those of reference data as predictand. Goly et al. (2014) and Shirkhani et al. (2015) showed that
regression models perform poorly when applied for downscaling purpose of precipitation and
wind speed. Moreover, they indicated superiority of quantile mapping and support vector
methods over linear and nonlinear regression based models. Alizadeh et al. (2019) indicated that
Weibull based model outperforms the support vector regression, quantile mapping and delta
methods for wind downscaling. However, it is readily acknowledged that considering different
existing statistical downscaling techniques is not in the scope of this study. From a preliminary
investigation and based on the literature it can be understood that the wind speed usually follows
a Weibull distribution (Shin et al., 2018). Therefore, gaining this characteristic of wind data can
be deemed as a sufficient way to match the distribution between predictand and predictor.
Moreover, previous studies confirmed successful applications of different variant of Weibull
methods for wind downscaling (Chang et al., 2015; Tye et al., 2014). Generally, a Weibull
distribution is described with two parameters: shape (k) and scale (A), which represent the
peakedness and mean of the distribution, respectively. The distribution is also called Rayleigh
when the shape parameter reaches 2. As the Weibull distribution can be only fitted on positive
values while the ECMWF and GCM wind data contains both negative and positive values, the
datasets were transformed to positive values before implementation the downscaling process. The
probability density function (PDF) of Weibull distribution can be written as:

FOV) =5y texp [~ (4] (1)

where V represents eastward/northward wind speed. The Weibull parameters of A and k can be
obtained through the maximum likelihood estimation as the following iterative equations (Chang
et al., 2003):

L Vi) E_ @) )

k=G ) @
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A=GXi_ vHY ®
where n is the number of samples and V; is the wind speed in time stage i.

To begin the downscaling process, firstly the Weibull parameters are computed for historical
ECMWEF and GCM wind components. Afterwards, the difference in historical period and with
stationary assumption is added to the Weibull parameters calculated for the future scenarios.
Finally, by fitting an inverse Weibull function to the probabilities, the wind data are extracted
and subsequently de-transformed to their original ranges.

2.2.2. Quantile mapping (QM) approach

The QM approach aims to match the cumulative distribution functions (CDF) of GCM wind data
to those of observed or reference data (here it means ECMWF wind data). It has been widely
employed for downscaling purpose of climatic variables such as wind speed, temperature, and
precipitation. The stationary assumption is also used for QM approach and the difference
between wind speed of ECMWF and GCM during historical period is imposed on the cumulative
distribution function of wind data for future scenario (ThemeflI et al., 2012). The assumption is a
common task dealing different statistical downscaling techniques even though it can add
uncertainty on future climate projections. It has been discussed in details in Dixon et al. (2016).
In brief, the method can be mathematically formulated as:

Vemrue corrected = Vgeyfue + R (4)

where i stands for the month and R; is given as follows:
R|cdf (Veemre) | = cdfy. =1 lcdf (Veemre)| - cdfy =5 |cdf (Vecmrn)
2 VGCMfli"t GCM i VECMWFhfs VGCMf}‘t GCM i VGCMhES VGCMfll-"t GCM i

()

where cdf and cdf ~! are empirical cumulative distribution function and inverse empirical cumulative
function, respectively. For more details about the approach, one can refer to the related literature (Li et al.,
2010; Themell et al., 2012).

2.2.3. The proposed distributed model

To investigate the wave climate under future climatic scenarios for a given area, it is necessary to
adopt coarse resolution of GCM wind data into local characteristics of the wind climate. This
task is usually carried out by applying inverse distance weighting approach (Burrough and
McDonnell, 1998; Kamranzad et al., 2015). In other words, for a particular region, some grid
points are selected as representative points and the other grid points are modified based on their
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distance from adjacent selected points. The main disadvantage embedded the approach is that it
does not reflect spatial distribution of locations with high gradient in wind speed or the
topographical effects. To overcome this problem, this study introduces and applies a new
distributed Weibull-based model in which the GCM wind data are modified (in each grid point)
based on the corresponding values (observed/reanalysis data) of the same grid point. Assuming
ECMWEF wind data as reference data for modification of GCM wind data for future scenarios,
the main steps toward development of the proposed model can be summarized as follows
(Alizadeh et al., 2019):

1- Collocate wind data of ECMWF with the GCM outputs and also transform the dataset to
positive values (adding the absolute value of the minima of the wind data for each grid
point).

2- Compute the difference between Weibull parameters of ECMWF with those of GCM
during historical period.

Dy = kechfive - kit (6)

Dawy = Arcifive — Al (7
where D,,D, are difference in shape and scale parameters of Weibull distribution,
respectively. i = 1...12 represents the month.

3- Modifying the Weibull parameters obtained for GCM future scenarios as:

' t
k ngtvlz(i) = kel + Digo (8)
A'ch‘cnbf(i) = Agéifsy + Daqy (9)

where k' and A" are the modified shape and scale parameters of the GCM wind speeds for a given
future scenario.

4- Extract wind components by fitting an inverse Weibull function but with modified
Weibull parameters.

5- Bringing the data to their original range by de-transformation (subtracting the added
values in the transformation stage).

6- Repeating this procedure for all grid points in the computational domain (this step
reflects the distributed feature of the method).

It is noticed that the Weibull distribution based technique does not disrupt temporal sequence of
the downscaled time series. In other words, the temporal sequence of the model outputs will
remain the same as the original dataset. Due to high values of shape parameter (k>2) for the
transformed data of wind components, the distribution has two tails. These two tails can give the
negative and positive extremes if wind data following an inverse Weibull function and de-
transformation process. Through the data transformation, the data representing calm state are
shifted forward in which during de-transformation they will be shifted backward retrieving their
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original range. To implement this process, a MATLAB code has been developed in which the
GCM outputs related to surface wind components under future scenarios are modified based on
Weibull parameters (see Appendix A for details).

2.3. Numerical wave modelling

The SWAN (Simulating Waves Nearshore) wave model (Booij et al., 1999) was forced by
climatic wind data to project wave climate under future warmer conditions. SWAN is a third
generation spectral wave model developed by Delft University of Technology. The model has
been extensively applied for wave simulation and hindcasting purposes in different locations
(Akpmar et al., 2016; Kutupoglu et al., 2018; Lin et al., 2002). Detailed descriptions of the
model structure, mathematical formulations and applications have been presented in (Booij et al.,
1999) and its manuals (e.g., SWAN user manual, 2018). It has a suitable performance for small
scale, high-resolution applications due to considering generation, dissipation, and nonlinear
wave-wave interactions. The basic equation applied in the model is the action balance equation
that for a Cartesian coordinate can be formulated as (Ris et al., 1999):

5} 5} S

a d d
N + 5:CN + a_yCyN + 55CoN + 55CeN = (10)

o
where N represents the action density, frequency (o), wave direction (8), spatial coordinate (x,y),
time (t), and propagation velocity (C). The first three terms in the left hand side of equation 10
show temporal and spatial variation of N. The fourth term is representative of shifting effect of
the relative frequency due to variations in depth and the fifth term denotes currents and the depth
and current-induced refraction. S is source term which is a function of x,y,t,0,0 reflecting effects
of the generation by wind, dissipation (by white-capping, depth induced wave breaking and
bottom friction) and nonlinear wave-wave interactions (Ris et al., 1999).

For this study, the SWAN model was set in a spherical coordinate and non-stationary mode. The
computational domain covers the Persian Gulf from 47°E to 58°E of longitude and 23°N to 31°N
of latitude (Figure 1). The spatial and temporal resolutions of the computational grid were set as
0.1° and 30 minute. Prior to implementation of the wave model for the future scenarios, the
model was calibrated with wave data recorded by two buoys (W and M1 in Figure 1) located in
Bushehr and Asaluyeh. The buoys records of wave characteristics with 1 hr interval have been
employed. The Asaluyeh Buoy with coordinate of 52.5°E and 27.4°N is a node of the
computational grid. On the other hand, the results for the Bushehr Buoy (50.67°E and 28.78°N)
were interpolated because it is not located exactly on a node of the computational grid. However,
a preliminary analysis considering the model resolution revealed that the error in wave height
associated with this interpolation is less than 5%. As the buoys were located in deep water, the
whitecapping dissipation coefficient (C ;) using Komen et al. (1984) formulation was considered

as tunable variable for the model calibration. Moreover, the quadruplet interaction was activated

10
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using the model default formulation of Hasselmann et al. (1985). ERA5 wave data for 20 years
and over the whole study area were also employed to conduct a multi-decadal validation. The
ERAS wave data (significant wave height of combined wind waves and swell) which was
released recently have the spatial and temporal resolutions of 0.5x0.5 degrees and 1 hour,
respectively. ERAS5 is the last update of ECMWF reanalysis data combining a wide variety of
historical observations into global estimates by means of data assimilation and numerical
modelling. It should be noted that comparing the ERA5 wave data with those of the buoy
measurements during 2008 indicated that ERA5 provides slightly higher wave heights than the
buoy records. Regarding the outputs of the wave model during calibration and validation periods,
the optimal value for C;, was recognized as 3.25e-5. The other calibrated parameters were set as

the model default. Results of the wave model for calibration and validation periods are given in
Table 3.

Table 3. Results of the wave model for calibration and validation periods

Buoy Period Bias (m) R? RMSE MAE
(m) (m)
Calibration Busherh 21/3/2008- 0.02 0.55 0.24 0.16
7/9/2008
Asaluyeh 21/3/2008- -0.03 0.61 0.25 0.18
7/9/2008
Validation Busherh 1/2/1995- -0.08 0.65 0.23 0.15
31/12/1995
Asaluyeh 14/2/2007- 0.03 0.39 0.28 0.20
31/12/2008
Whole domain  01/01/1981- -0.17 0.67 0.18 0.17
(ERADG) 31/12/2000

The results presented in Table 3 show a relatively similar performance for both periods and
Buoys. The error measures computed for the whole domain based on ERA5 wave data imply
robustness of the model. These values have been averaged over the computational domain which
indicate efficiency of the wave model in general. However, it should be noticed that the wave
model underestimate peak values of significant wave heights. A thorough review on missing
peaks in the current wave models have been addressed in Cavaleri (2009).

Prior to project wave climate for future scenarios, performance of the different GCMs and RCMs
(MENA) wind outputs to simulate significant wave height in validation period was evaluated to
select the appropriate model. In this regard, wind outputs of two GCMs (CMCC-CM and MPI-
ESM-LR as well as CORDEX outputs of three models from MENA have been used to force
wave model during 1991-2000. It is noticed that the GCM outputs have been modified based on
the proposed downscaling method and the predictor-predictand relationships in calibration period
(1981-1990). The results of wave models for different forcing resources during validation period
(1991-2000) are presented in Table 4. The results are given in terms of average (Avg), standard
deviation (Std), mean error (ME), and mean absolute error (MAE) of the significant wave height.
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Table 4. Results of the wave model obtained using different GCMs/RCMs

GCM/RCM Avg Std ME MAE
ECMWF 36.84 30.86 - -
cMCC 34.73 33.04 -2.11 2.15
MPI 27.59 28.13 -9.25 9.59
ECEARTH 27.00 27.71 -9.84 9.86
GFDL 30.36 33.47 -6.48 6.59
CNRM 27.59 28.58 -9.25 9.96

Table 4 demonstrates a high level of uncertainty associated with GCM/RCM selection for wave
simulation. However, the CORDEX outputs of different RCMs projects roughly similar statistics
for wave height except the GFDL model which outperforms the other two RCMs. Results of the
wave model forcing with different wind resources can change reliability of the projection
remarkably. However, it can be found that the wave model forced with wind outputs of CMCC-
CM model yields the best consistency with those of the reference model in terms of error
measures. Moreover, it is obtained that all the five models underestimate significant wave height
compared to the results of the reference model. Considering different evaluation criteria for
GCM/RCM selection in Table 3, the CMCC-CM wind outputs are used for wave projection
under future scenarios.

3. Results and discussion
3.1. Wind modification

The proposed model was used to modify GCM wind data for two future projections RCP4.5 and
RCP8.5 at each grid point, separately. Similarly, the QM technique as a common type statistical
downscaling approach was employed to provide the comparison with the Weibull-based
distributed model. In this regard, GCM historical data from 1981 to 2000 were divided into two
groups of 10-years data of calibration (1981-1990) and validation (1991-2000) with stationary
assumption for climate variation within these two periods. However, the preliminary
investigation of statistical analysis for these periods revealed that the average (6 hourly averages
for 10 years) and distribution of wind speed for these two periods roughly overlap each other.
The results of downscaling techniques during validation period are compared with those of the
reference data. The results in terms of average wind speed at four longitudes (transects 1 to 4)
and throughout the whole latitude are presented in Figure 3. The transects 1 to 4 have longitudes
of 49.5°E, 51.75°E, 54°E, and 56.25°E, respectively. Furthermore, two error measures of
coefficient of determination (R?) and root mean square error (RMSE) were applied to evaluate
and also to provide more comparisons of performance of the techniques. The results during
validation period for these 4 transects are presented in Table 5.
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Figure 3. Wind speed variation alongside the latitude obtained from ECMWF, QM, and
Weibull

Table 5. Results of the downscaling techniques in 4 transects during validation periods

Transect No. QM Weibull
R?2 RMSE (m/s) R?2 RMSE (m/s)
1 0.89 0.22 0.99 0.14
2 0.91 0.29 0.99 0.18
3 0.78 0.45 0.98 0.19
4 0.60 0.40 0.93 0.16

According to Figure 3, the proposed model (Weibull-based) provides reasonable predictions
of the wind speed for all the grid points. The predictions representing average wind speed
during the validation period roughly overlapped the corresponding values of the reference
data (ECMWEF). Generally, the Weibull-based distributed model outperforms the QM
technique even though their results are comparable for many grid points. The results
presented in Table 5 indicate that the Weibull distribution based model outperforms the QM
techniques in terms of R2 and RMSE. A detailed comparison demonstrating superiority of the
Weibull-based model over QM and also other statistical techniques for downscaling climatic
wind field can be found in Alizadeh et al. (2019). Therefore, the proposed model can be
efficiently applied for wind speed downscaling under future scenarios. It is noteworthy that
the proposed statistical downscaling technique can be served as a suitable proxy to modify
wind field, although the problem associated with effect of finer resolution that could reveal
stronger extremes still remains unresolved. Figure 4 illustrates the average spatial distribution
of the wind speed and also spatial variation of wind speed compared to historical data (100-
year ago) for RCP4.5 in the left and for RCP8.5 in the right. Wind speeds depicted in Figure
4 have been obtained from the developed downscaling model, but not the raw outputs of the
GCM.

Figure 4. Spatial variation of wind speed under future scenarios a) RCP4.5 b) RCP8.5; and the
difference between past and future wind speeds c) RCP4.5 d) RCP8.5

As can be derived from Figure 4, wind speeds will be higher in the middle part of the Persian
Gulf. The highest average rarely exceeds 6 m/s and its distribution does not follow any
specific pattern. In some cases, remarkable spatial variation in wind speed can be observed
especially in the middle and northwestern region of the Gulf. Moreover, the rate of variations
differs from place to place which may reflect topographical effects or other spatial
phenomena influencing wind speeds. As a result, the proposed model which modifies wind
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data for each grid point is superior to the traditional inverse distance weighting method that
may provide inaccurate or unreliable estimates for grid points with high gradient (high
degree of variation) in the speed. Comparing the average values of wind speed for future
projections demonstrates that the RCP4.5 projects slightly higher values than the RCP8.5.
Generally, the spatial variation of wind speed in the study area implies a decreasing trend for
most of the grid points (negative values). This decreasing rate is more remarkable in the
western and middle part of the Persian Gulf. However, there are sporadic grid points in
which, the wind speed experiences an increasing trend in the eastern part (positive values).
Wind speed averages are in a range of 1.9 to 5 m/s while the relative variations are less than
16%. Considering the average wind speed in the whole grid points of RCP4.5 as 3.5 m/s, the
variable is expected to experience an average rate of changes about 10-12%. Moreover, the
results show that this variation rarely exceeds 16% for any grid points. It is notable that the
average changes in wind speed are intensified when the RCP8.5 is replaced with the RCP4.5
projection. Therefore, considering the RCP8.5, the wind speed is expected to decrease at a
higher rate in the future (2081-2100).

3.2 Wave modeling results
3.2.1. Annual variation of wave data

To investigate the impact of future climate change, wave in the area were simulated using wind
data obtained from the proposed distributed model. The surface wind outputs of the GCM for
two different scenarios have been taken under consideration and separate numerical model
forcing with historical data were conducted. Comparison of the results of the wave models using
historical and future wind projections demonstrates the climate change impacts in detail. The
results of the mean significant wave height (Hs) for the study area and for historical (1981-2000)
and also for future scenarios (2081-2100) are illustrated in Figure 5. These results are the 6hr
wave model outputs averaged for 20-year period.

Figure 5. Results of the wave model for the historical and future Hg projection

Spatial distribution of Hg depicted in Figure 5 reveals that in the middle part of the Gulf higher
averages of significant wave height are expected than other regions of the domain. Moreover, the
lowest averages are obtained for the eastern part. Considering the bathymetry and spatial
distribution of wind speed in the Persian Gulf, the middle part has longer fetch length and also
higher values of wind speed. Therefore, higher averages of significant wave heights in the
middle part of the Gulf are in line with wind variation and fetch length. Effect of wave fetch on
future wave projections is expected to attenuate because of decreasing in average wind speed.
However, it can not be analyzed properly without evaluation of future changes in bathymetry of
the study area. Comparing the results of the wave model for historical (1981-2000) with those of
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the future scenarios (2081-2100) reveals a decreasing trend in wave height. Rate of changes in
significant wave height for RCP8.5 scenario is higher than the RCP4.5 scenario. Therefore,
lower values in Hg averages for RCP8.5 is projected in the entire study area. A similar analysis
for peak wave period (T,) was carried out and the results are illustrated in Figure 6.

Figure 6. Results of the wave model for the historical and future T, projection

In Figure 6, longer wave periods are projected for the middle section of the Gulf rather than the
other regions due to having different fetch length, bathymetry and topography of the area. These
results are in agreement with those of wave height projection and higher waves are obtained for
the middle section. Future projections of the wave period in the study area reveal a decreasing
trend roughly in the whole domain. This decrease in wave period is smaller for RCP4.5 scenario
than the other scenario.

In addition to the results of the models over the entire computational domain, 4 stations locating
in different parts of the study area from western part (W) to the middle part (M1 and M2) and
eastern part (E) of the Gulf with different depths (from 29 to 85m) are selected to provide
quantitative and detailed descriptions. These points were selected based on their different wind
and wave climate, as discussed by Kamranzad (2018). The station 1 (W) and 2 (M1) are near the
Bushehr and Asaluyeh ports which are among the most important and strategic regions in the
country. The station 3 (E) and 4 (M2) are located in the eastern and middle parts of the Gulf,
respectively. The two other stations were selected to illustrate wave characteristic variations in
the middle and eastern parts of the Gulf. The results of the wave models for significant wave
height (average ‘Avg.’, 95% and 99% percentiles) are presented in Table 6.

Table 6. Results of significant wave height for different scenarios

Station no. Historical RCP4.5 RCP8.5
(ID) Avg.  Hosyy  Hogse  AVG.  Hose  Hogse  AVY. Hoses  Hoooe
1(W) 0.32 0.82 1.16 0.29 0.72 1.04 0.28 0.70 1.02
2 (M1) 0.35 0.86 1.21 0.31 0.79 1.08 0.29 0.76 1.08
3 (E) 026 071 117 024 063 103 022 056 098

4 (M2) 0.47 1.45 2.19 0.42 1.31 193 039 119 185

The average values in Table 6 indicate that significant wave height for both scenarios experience
a decrease compared with the corresponding values in the historical period. Generally, it can be
concluded that the significant wave height in average decreases about 10% and 15% considering
RCP4.5 and RCP8.5 future scenarios, respectively. Therefore, regardless of the projection
scenarios, the wave climate in the future period of 2081 to 2100 has lower averages in the
Persian Gulf compared to the historical values. The results are in line with the findings of Morim
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et al. (2018) representing a decrease of average Hs in the North Atlantic and Mediterranean Sea.
Considering the upper percentiles of the data (hereafter called extreme values), even though
smaller extreme waves than historical period ones are expected, in some cases the extreme wave
height may exceed the historical one. The probability and cumulative distributions of annual Hs
for the selected stations during historical and future periods are illustrated in Figure 7.

Figure 7. Probability and cumulative distributions of annual significant wave height (H,)

The wave climate in the past shows higher values than the future scenarios in all stations. Also, a
smaller peakedness in the PDF of significant wave height in the past period can be observed,
while its distribution implies greater values. Similar results can be extracted by comparing their
CDFs. For the past climate, the lower values of the cumulative distribution function for the same
wave height as the future scenarios confirms higher Hg in the past than the future. The wave
period is another wave characteristic that may change in the future. In this regard, the results
related to the peak wave period for the historical and future scenarios are extracted from the
numerical wave model. The annual averages in peak wave period for the selected stations are
given in Table 7.

Table 7. Annual average of peak wave period for different scenarios

Station no. (ID) Historical RCP4.5 RCP8.5
1(W) 3.3 3.1 3.0
2 (M1) 3.5 3.4 3.3
3(E) 3.2 3.1 3.0
4 (M2) 3.8 3.7 3.6

In line with the Hg results, the results of peak wave period for historical and future scenarios
show a decreasing trend in prospective wave period. Moreover, the wave periods for the RCP8.5
have slightly smaller values than those of the RCP4.5. However, the difference is negligible (less
than 3%). Therefore, it is expected that the future peak period in the Persian Gulf decrease by 5%
for both of the scenarios. This decrease can be mainly considered as a result of decreasing in Hs
(the lower waves, the shorter periods). It means the wave period is expected to decrease in the
Persian Gulf under future scenarios due to a decrease about 15% in significant wave height.
Therefore, considering annual average of Hs and peak period, it can be concluded that the wave
climate under future scenarios is expected to experience smaller waves and also with shorter
periods. The decrease in wave period and height under future climate is due to decrease in wind
speed which is considered as the main driving force of waves. To get more detail of the changes
in the wave climate and its distribution, the results of the wave models in seasonal and monthly
scales are discussed in the following subsections.
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Wave direction is another important wave characteristic while has attracted less attention than
wave height and period in the global projections of wave climate. On the other hand, directional
wave changes can affect longshore sediment transport and subsequently coastal erosion and
deposition processes (Harley et al., 2017). Also, wave direction is an important variable for many
other coastal activities such as renewable energy (Morim et al., 2016) and harbor operability
(Sierra et al., 2017). To project changes in wave direction in the Persian Gulf, mean wave
direction of the 6 hourly model output during a 20-year period of 1981-2000 and 2081-2100 are
illustrated in Figure 8.

Figure 8. Mean wave direction over the study area

According to Figure 8 it can be concluded that the wave direction in the study area does not
change significantly. Moreover, these changes do not follow any special pattern or trend.
Regarding the wave direction near the eastern boundary it should be noted that the wave from
Oman Seas influence the areas while their impacts were not considered. Comparing the mean
wave direction derived from RCP4.5 and RCP8.5 demonstrate a slightly anticlockwise change in
wave direction for RCP8.5 scenario. However, the wave direction is strongly dependent on the
wind direction and bathymetry. Trend in Figure 8 is roughly consistent with the dominant wind
direction (blowing from northwest). Similar to significant wave height and wave period, the
results related to change in wave direction for 4 selected stations are also depicted in figures 9 to
12. It should be noticed that these results are plotted for the whole data of wave climate and the
results of the seasonal and intra-annual distribution are not presented here for the sake of brevity.

Figure 9. Wave rose in station 1 for a) past, b) RCP4.5, and ¢) RCP8.5 scenarios

Figure 10. Wave rose in station 2 for a) past, b) RCP4.5, and ¢) RCP8.5 scenarios

Figure 11. Wave rose in station 3 for a) past, b) RCP4.5, and ¢) RCP8.5 scenarios

Figure 12. Wave rose in station 4 for a) past, b) RCP4.5, and ¢) RCP8.5 scenarios

From figures 9 to 12, it can be concluded that the future change in wave direction is highly
dependent on the location of the selected station. In other words, in some locations the direction
has not changed remarkably, while for some other locations, mild changes in the wave direction
(station 4) can be found. These changes are mainly illustrated in the middle part of the Persian
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Gulf (station 4) while the changes in western and eastern parts of the Persian Gulf are negligible
(stations 1 and 3). Generally, the dominant wave direction in all the stations under future
scenarios experience is roughly the same as the historical one. Generally, the wave direction in
the Persian Gulf due to its semi enclosed shape, topography and characteristics may not be
comparable with those obtained from global wave climate projections. The change in future
wave direction should be considered in future studies of sediment transport, port layout, coastal
geomorphology, etc. Moreover, this change can affect operability of the available ports in the
study area and change the coastal morphology due to changing in sediment transport pattern.

To understand whether these changes are due to climate change impacts or they are resulted from
internal climate variability of the system, inter-annual variability analysis was implemented. To
do that, inter-annual average and standard deviation for historical and future periods were
estimated and compared to illustrate the magnitude of changes in significant wave height. Figure
13 presents the results of inter-annual variability analysis for two RCPs against historical period.

Figure 13. Differences between historical projection of wave height and mean annual wave
height of RCP4.5 (a), RCP8.5 (b), and inter-annual standard deviation for RCP4.5 (c), and
RCP8.5 (d)

As seen in Figure 13, differences in mean significant wave height of historical and future
simulations are mostly larger than the differences in inter-annual standard deviation in future and
historical periods. This implies that the projected variations in the wave climate (under future
climatic conditions) are mainly due to climate change. The middle part of the Persian Gulf is
expected to have higher rate of variation in mean annual wave height while for the inter-annual
standard deviation, the variation is not monotonic and shows large spatial variability.

3.2.2. Seasonal variation of wave characteristics

The seasonal distribution and variation of wave climate can provide more details of the climate
change impacts and it is of great interest for practical applications (renewable energy, coastal
protection, sediment transport, etc.). In this regard, results of the wave projections in terms of
wave height and wave period are analyzed to illustrate seasonal distribution of wave climate in
the Persian Gulf. The results related to seasonal average and seasonal extreme wave heights
(upper percentiles) are presented in Table 8. It is noticeable that for seasonal investigation, the
results have been evaluated based on the meteorological calendar.
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Table 8. Seasonal analysis of significant wave height for different scenarios

Season  Station Historical RCP4.5 RCP8.5
no.  Avg. Hoss Hogy AVO. Hgsse Hogee AVQY. Hosse  Hogo
(ID)

i(w) 034 081 109 033 075 100 029 069 093
Winter 2(M1) 036 089 119 034 084 109 029 0.76 1.08
3(E) 028 084 133 024 074 127 019 058 0.99
4(M2) 056 170 233 053 154 211 044 135 207
i(w) 030 072 102 029 067 097 028 067 096
Spring 2(M1) o037 08 121 036 088 114 035 085 113
3(E) 033 089 13 030 081 119 029 077 133
4(M2) 052 150 210 051 151 201 049 145 1098
i(w) 039 100 129 033 084 112 032 080 114
Summer 2(M1) 038 097 132 031 072 103 030 0.75 113
3(E) 023 048 076 023 047 067 024 047 0.63
4(M2) 044 132 231 035 093 166 036 1.00 1.69
i(w) 026 068 102 023 060 098 021 061 0.89
Autumn 2 (M1) 026 067 099 023 061 097 022 057 087
3(E) 019 044 068 017 040 072 0.17 040 0.59
4(M2) 034 101 178 030 091 167 028 081 138

Generally, it can be observed that wave distribution is more intensified in the winter among the
other seasons. On the other hands, the smallest wave heights are projected for the autumn season.
Moreover, station 4 (M2) has the highest average values and extremes for all the season. The
main reason is that this station has been located in the middle part of the Persian Gulf where
affected by the dominant wind more than other stations. The spatial distribution of wind speed
demonstrate higher speeds in the middle part blowing from the North West of the Gulf which
reflect the Shamal wind events in the region (Thoppil and Hogan, 2010). The results presented in
Table 8 demonstrate that the average wave height for the future scenarios decreases for all the
seasons. For both of scenarios, the lowest changes in the significant wave height are obtained for
the spring season, while the highest changes for RCP4.5 and RCP8.5 are derived for summer and
winter seasons, respectively. Similar to the average values, the extreme wave heights for all the
seasons show a generally decreasing trend, even though it slightly increases for the winter
season. Figure 14 depicts boxplot of Hs for each season separately to provide more illustrations.
In the horizontal axes of the figure, the first letters (P, L and H) represent the past climate, future
lower scenario (RCP4.5) and future higher scenario (RCP8.5), respectively. The second letter
denoted with numeric from 1 to 4 stands for the station number.
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Figure 14. Boxplots of seasonal significant wave height

It can be observed from Figure 14 that the significant wave height is higher in winter and lower
in autumn. Moreover, the highest waves (extreme values) are occurring in station 4 (M2) in the
middle part of the Persian Gulf where the dominant wind and topographical phenomena have the
most and the least effects, respectively. Moreover, considering the lower concentration scenario
(RCP4.5) yields greater extreme waves in all stations and seasons compared to the higher
concentration scenario (RCP8.5). The black lines stand for minimum and maximum wave
heights and crosses illustrate outliers. Moreover, the bottom, middle and top edges of the boxes
represent first quartile, median and third quartile. Alongside with the wave height, seasonal
variation of peak wave period has been taken under consideration and the results representing
seasonal average in peak period are given in Table 9.

Table 9. Seasonal average of the peak wave period for different scenarios

Season Station Historical RCP4.5 RCP8.5
no. (ID)
1(W) 3.4 3.4 3.2
Winter 2 (M1) 3.6 3.6 3.3
3(E) 3.4 3.0 2.9
4 (M2) 4.0 3.9 3.7
1(W) 3.1 3.0 3.0
Spring 2 (M1) 3.4 3.3 3.3
3(E) 35 3.4 3.3
4 (M2) 3.9 3.9 3.8
1 (W) 3.6 3.4 3.3
Summer 2 (M1) 3.8 3.6 3.6
3(E) 3.1 3.0 3.1
4 (M2) 4.1 3.8 3.8
1(W) 3.0 2.8 2.7
Autumn 2 (M1) 3.1 3.0 2.9
3 (E) 2.8 2.7 2.7
4 (M2) 3.4 3.2 3.2

Generally, it can be found that the peak wave period in future projections experiences a
decreasing rate. Moreover, station 4 (M2) has longer peak periods comparing to the other stations
in the Persian Gulf. This can reflect higher values of wind speed in the middle part compared
with the other regions (Figure 4). Considering the future scenario of RCP4.5, the highest
decrease was projected for summer season while for the other scenario it was during winter
season as 15%. However, the lowest changes in wave period are related to spring season for both
scenarios while for the Hg it was obtained for autumn. The seasonal changes in significant wave
height and period indicate that the wave height is changing with a higher rate than the wave
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period in which demonstrate the future warmer climate may affect the wave height more than the
wave period. The result is reasonable because the significant wave has more sensitivity to wind
speed (w) than wave period (Hs~w>/2 T,~w'/3). Considering the extreme values of wave

characteristics it is pointed out that higher extremes compared to those of the obtained values are
expected to happen due to incapability of the present wave models to simulate peak waves
during severe and extreme storms. The wave models are generally tuned to the bulk of the data
and may fail in extreme conditions when the physics of the process can change remarkably
(Cavaleri, 2009). Moreover, effect of finer resolution with stronger extremes neglected in the
statistical downscaling technique may lead to missing wave peaks as the wave model is forced
with the coarser wind field.

3.2.3. Intra-annual variation of wave characteristics

Monthly distribution of wave characteristics and its variation under future scenarios can provide
useful information for different purposes such as design and operation of coastal protection
structures, renewable energies, and transportation and marine industries. In this regard, results of
the historical and future scenarios of the numerical wave models for each month were obtained
separately. Figure 15 illustrates the monthly average Hs and peak wave period T, for historical
(past) and future scenarios (RCP4.5 and RCP8.5).

Figure 15. Monthly variation of Hs and T, for a) station 1, b) station 2, c) station 3, d) station
4

The results of the significant wave height and peak period imply that for stations 1, and 2 which
are located in the western and middle onshore parts of the Persian Gulf, the highest values are
obtained for month 6 (June). For the eastern station (no. 3), the highest wave height and period
are obtained for month 5 (May). For the offshore middle station (no. 4), the highest wave height
is obtained for February while the highest period is still for the June. Considering the
meteorological calendar, the results are consistent with the common wind climate in which it
blows mainly in summer (months 6 to 9) and winter (months 12, 1 ,2). However, the eastern part
of the Persian Gulf is not affected by Shamal Wind or the dominant wind has the least effect on
the station 3 (E) amongst the other stations. Therefore, it is reasonable to have a slightly different
pattern of wind and wave climate in this station compared to the others. The results of the
historical wave models are in a good accordance with those of the Kamranzad (2018) in terms of
wave height and period.

According to Figure 15, the significant wave height and peak period decrease in the future
roughly in all months and stations. A good consistency in monthly variation of the future wave
projections and the historical wave climate can be observed in which, the average Hs and T,
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values in the future for each month rarely exceed the corresponding values in the past period.
The rate of changes in future wave characteristics compared to the historical ones is higher in
December, and June. For the other months, the changes are not remarkable. Following the future
projections, it is estimated that the monthly average wave height in the Persian Gulf rarely
exceeds 0.65 m. Moreover, for the monthly average of peak period, it is expected to change
between 2.5 to 4.5 (s) under both future scenarios.

Results of monthly variation in wave climate obtained from this study are in line with findings of
(Hemer et al., 2013a), which predicted a decrease annual significant wave height with higher rate
during boreal winter (months 1 to 3) for future projections. Moreover, the decrease in annual
significant wave height under future scenarios in the study area is in a good agreement with the
results of the previous studies on projected changes in global wave climate (Hemer et al., 2013a;
Semedo et al., 2012). The mentioned studies estimated a decrease in wave climate for lower
latitudes of the study area. Also, for the wave period, the results of this study are consistent with
the previous studies implying a mild decreasing trend in the wave period over the study area.

4. Summary and conclusion

In this study, a distributed approach to localize the wind projections, obtained from the global
circulation models, has been employed and implemented to investigate future climate change
impacts on the wave distribution. The proposed Weibull based method in its distributed form has
been employed for the first time in this study to investigate climate change impacts on wave
characteristics. The wind components obtained from the GCM of CMCC-CM have been used for
the wave climate studies due to its better performance than the other considered GCM or RCMs.
The modified wind components were utilized as forcing of the numerical wave model (SWAN)
to analyze the wave characteristics including significant wave height (Hs) and peak wave period
(Tp) in annual, seasonal and monthly time scales. Moreover, the average changes in wave
direction in the future period in comparison with the historical period have been taken into
consideration.

The proposed model for wind speed modifications showed that it can efficiently provide reliable
predictions of wind speed. The results obtained through the verification period at several
different locations in the study area confirmed this claim. Considering outputs related to wind
speed under both future scenarios (RCP4.5 and RCP8.5) explored in this research, a decreasing
trend with an average decrease about 10 to 15% can be estimated for the Persian Gulf. The
changes in wind speed are expected to be more intensified in the middle and western parts of the
Persian Gulf. However, this decrease rarely exceeds 0.6 m/s (15%) when the average annual
wind speed is considered.

Regarding the average annual, seasonal and monthly wave projections for the future scenarios, it
was estimated for the Persian Gulf to experience a decrease in annual, seasonal and monthly
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average Hs in which, the rate of variation is higher for the middle parts of the Persian Gulf.
Moreover, the average Hs is expected to have more variation in winter (December to February)
and summer (June to August) among the other seasons. Generally, a decrease by 10 and 15% in
average annual Hg was projected for RCP4.5 and RCP8.5, respectively. Moreover, it was found
that with decreasing in average H;, the extreme wave are expected to have smaller values than
those of the historical period, even though in some locations it may exceed the reported values.
For the study area, historical wave climate illustrates the highest averages of Hs occur in winter
and summer and the lowest averages during the autumn. For the future scenarios, the wave
climate is projected with a similar pattern, in which the highest average of Hg in winter and
summer and the smallest average of Hs remain for autumn.

Future projections of wave period in terms of annual average yielded a decrease about 5%. In
general, waves with shorter periods for the future years (2081-2100) and for all the seasons and
months were obtained comparing to the corresponding values in the historical period (1981-
2000). The average in peak wave period was found to have the highest values (longest period)
during June which is in line with highest average in Hs in the month.

The analysis of wave direction in the Persian Gulf demonstrated that in the western and eastern
locations, the future changes are insignificant. However, in the middle parts of the Persian Gulf,
a slightly clockwise rotation in wave direction was projected which is mainly affected by
changes in wind direction. However, effect of future changes in water depth and bathymetry may
change wave direction which was not considered in this study. This change can affect future
design and operation of marine industries, sediment transport processes and many other coastal
engineering applications. Regarding the two climatic future scenarios, the higher concentration
scenario (RCP8.5) intensifies changes in wave direction compared with the lower concentration
scenario (RCP4.5).

Comparison of future scenarios implies that the RCP4.5 has slightly projected higher values of
wind speed and significant wave height and also longer peak period than the RCP8.5. Moreover,
the RCP8.5 projected greater changes compared to the historical wind and wave climate rather
than the RCP4.5. Similar result was obtained for peak wave period. In brief, it can be concluded
that the future wave climate has somehow higher H; and longer T, in the lower concentration
scenario compared with the higher concentration scenario.

Appendix A.

The MATLAB code developed for downscaling wind field can be found via the following link.
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Figure 1. Study area and selected stations
Figure 2. Spatial distribution of wind speed in historical period a) ECMWF b) GCM

Figure 3. Wind speed variation alongside the latitude obtained from ECMWF, QM, and
Weibull

Figure 4. Spatial variation of wind speed under future scenarios a) RCP4.5 b) RCP8.5; and the
difference between past and future wind speeds c) RCP4.5 d) RCP8.5

Figure 5. Results of the wave model for the historical and future Hs projection
Figure 6. Results of the wave model for the historical and future T, projection
Figure 7. Probability and cumulative distributions of annual significant wave height (H)
Figure 8. Mean wave direction considering depth variation over the study area
Figure 9. Wave rose in station 1 for a) past, b) RCP4.5, and ¢) RCP8.5 scenarios
Figure 10. Wave rose in station 2 for a) past, b) RCP4.5, and ¢) RCP8.5 scenarios
Figure 11. Wave rose in station 3 for a) past, b) RCP4.5, and ¢) RCP8.5 scenarios
Figure 12. Wave rose in station 4 for a) past, b) RCP4.5, and ¢) RCP8.5 scenarios

Figure 13. Differences between historical projection of wave height and mean annual wave
height of RCP4.5 (a), RCP8.5 (b), and inter-annual standard deviation for RCP4.5 (c), and
RCP8.5 (d)

Figure 14. Boxplots of seasonal wave height

Figure 15. Monthly variation of Hs and T, for a) station 1, b) station 2, c) station 3, d) station 4
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