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Abstract: The present paper deals with a performance assessment of the ERA5 wave dataset in an
ocean basin where local wind waves superimpose on swell waves. The evaluation framework relies
on observed wave data collected during a coastal experimental campaign carried out offshore of
the southern Oman coast in the Western Arabian Sea. The applied procedure requires a detailed
investigation on the observed waves, and aims at classifying wave regimes: observed wave spectra
have been split using a 2D partition scheme and wave characteristics have been evaluated for
each wave component. Once the wave climate was defined, a detailed wave model assessment
was performed. The results revealed that during the analyzed time span the ERA5 wave model
overestimates the swell wave heights, whereas the wind waves’ height prediction is highly influenced
by the wave developing conditions. The collected field dataset is also useful for a discussion on
spectral wave characteristics during monsoon and post-monsoon season in the examined region; the
recorded wave data do not suffice yet to adequately describe wave fields generated by the interaction
of monsoon and local winds.

Keywords: model performance evaluation; swell; spectra partitioning; Arabian Sea; monsoon

1. Introduction

Numerical models provide continuous and reliable meteomarine datasets in space and time in
open oceans [1,2] commonly used to assess wind and wave climatology, and long term analysis related
climate change’s effects upon the wave climate. Meteo-marine models are an essential element in
coastal zone management in the early identification of critical areas [3,4], the analysis of evolutive
trends [5] and, at a higher level, the definition of medium and long-term effective strategies for
environmental/territorial planning [6]. In the last few decades, several global-scale wave atlases
have been proposed using wave datasets from global wave models [7–9], highlighting the presence of
stormy areas (i.e., Northwest Pacific, Northwest Atlantic, Southern Ocean and Mediterranean Sea),
and swell-dominated regions termed ”swell pools” located in the eastern tropical areas of the Pacific,
the Atlantic and the Indian Ocean.

On the other hand, the performances of wind and wave forecasting models depend on several
variables. Among them it is worth citing the wave developing conditions. Past studies analyzed wave
datasets from the European Centre for Medium-Range Weather Forecasts (ECMWF) and outlined
underestimation in areas with intense cyclone activity and fetch-limited conditions and overestimation
in swell-dominated regions [2]. In general, wave data reliability is below acceptable levels when
coastal areas and enclosed basins with local wind influence and with orographic and bathymetric
effects are considered [10]. Indeed, in a semi-enclosed basin as the Mediterranean Sea, where fetch
limited conditions are predominant, wave heights are often underestimated [11,12]. In a different
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context, such as the North Indian Ocean where swells are predominant, the comparison between
observed and modeled wave heights revealed a wave height overestimation in nearshore waters due
to swell presence, except during the Indian monsoon wind season when a large underestimation can
be detected [13].

Hence, wave observing programs that at first glance could appear out of date, unnecessarily
elaborate or expensive, still need to be carried out to perform numerical wave model calibration
and develop data-driven models [14–16], and to describe global wave climate [17,18] and local wave
characteristics [19–22]. Of course, all available observing wave data sources suffer from a variety
of problems depending on the data acquisition system. Measured waves typically show a good
accuracy, but are limited by the number of instruments and the duration of the measurement campaign
(wave buoys), or can be very time sparse, presenting reliability concerns in coastal zones (remote
sensing techniques). Wave data from observing voluntary ships are also available, but datasets are
sparse, not continuous and are clustered along the busiest sea routes. Modeled and observed data are
complementary, and combined use ensures the best possible results in wave analysis [12].

The aim of the present work is to assess the ECMWF ERA5 Re-Analysis dataset’s performance in
a coastal region where wind and swell waves are both present. ERA5 is the latest global atmospheric
reanalysis, and in the next few years the dataset will cover the period from 1950 to near real time [23].
ERA5 wave data have been compared to an observed wave dataset collected within the frame of a
coastal experimental campaign carried out offshore of the Oman coast in the western Arabian Sea,
where the wave climate is swell dominated (Figure 1).

This paper is structured as follows: after the introduction of the study area, a detailed description
of the examined dataset and the methodologies used is presented in Section 2. Section 3 presents the
results of the wave spectral analysis and the ERA5 wave model comparison, and conclusions are given
in Section 4.

Figure 1. Process flowchart from data acquisition to expected outcomes.

2. Materials and Methods

2.1. Case Study and Data Sources

The Arabian Sea is connected with the Indian Ocean. It is one of the most important navigation
routes in the world, bounded in the west by Somalia and Arabia and in the east by India (Figure 2—left
image). The wind field offshore southern Oman coast is quite complex: high-resolution modeled
wind fields revealed, also, the presence of the Oman coastal low-level jet clearly distinguished from
the large-scale South Asia monsoon wind and the Somali jet [24]. Although Oman is one of the most
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arid countries in the world, the southern Oman coast (Dhofar region) enjoys a cooler temperature
and misty rain from June to September (the so-called Khareef season) due to the SW monsoon. The
southern Oman climate is strongly influenced by the Indian monsoon, and three different anemometric
seasons can be detected: pre-monsoon (from February to May), southwest (SW) monsoon (from June
to September) and post-monsoon or northeast (NE) monsoon (from October to January) [25].

Additionally, the wave climate in the region is influenced by the SW monsoon with wave heights
gradually increasing from June, reaching a peak during July and gradually decreasing until the end of
the Khareef [26]. Infra-gravity waves that cause a large shipping surge and reduce cargo shipments
during the summer season have been widely reported [26,27]. Very few wave data are available
in the western Arabian Sea, and general features of weather and wave conditions can be inferred
from the wave analysis performed on wave data recorded offshore the west coast of India. To date,
several buoys, moored along the eastern Arabian Sea, provide useful real-time information about
weather and wave climate across that region. During the SW monsoon season, the sea state across the
North Indian Ocean is dominated by swells, which come from SW directions and an increase in the
significant height can be observed [28]. Wave spectra in shallow water, recorded in two different sites
from June to October, are single peaked, while in the rest of the year double peaked spectra are the
most frequent [29,30]. Although both sites are subject to open sea conditions, the percentage of single
peaked spectra was greater in the south compared to the northern site due to local wind. Throughout
the year, at the southernmost point, the double peaked spectra were predominantly dominated by
swell waves. All over the years, from June to August, wave spectrum is narrow banded and energy
density is concentrated predominantly between 0.07–0.12 Hz. During September, the wave energy
density is predominantly between 0.09–0.14 Hz (11 s and 7 s).

During the winter season (post-monsoon and at the beginning of the pre-monsoon period) Shamal
events occur (wind coming from the north) [25,29]. During these events, there is a sharp increase in
wave height that may exceed 3.5 m in the northwestern Arabian Sea and 1.0–2.0 m along the west
coast of India. Although south swells from the Indian Ocean are always present along the west coast
of India, Shamal events are the main contributor to the sea states [31].

Wave analysis during the non-monsoon season revealed a daily variation of the wave parameters
due to the coexistence of waves coming from different directions with a predominance of mature
swell [31,32].

Figure 2. Study area: wave buoy location and ERA5 wave model grid point.

In the last few years, there has been rapid development along the southern coast of Oman.
In particular, the traffic in the port of Salalah, a large container transshipment terminal, has rapidly
increased, thanks to continuous improvement of its infrastructure. The absence of a meteomarine
monitoring network and the lack of regular and long-term observations is still an important issue
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in coastal protection and harbor planning, especially in such a complex environment. In order to
overcome the lack of observed wave data, and from the perspective of the development of the harbor,
an experimental campaign was carried out in the second half of 2013 to collect detailed information
about wave climate offshore the harbor facilities, water levels and sea currents. A Datawell Directional
Waverider MKIII buoy was moored offshore Port Salalah (Figure 2) from early August 2013 through
late December 2013, partially covering the southwest monsoon season in 2013. The geographical
coordinates of the buoy are 16◦56’6.13” N and 54◦2’36.21” E with a local depth of 30 m (Figure 2-right
image). The sensor consists of a Datawell stabilized platform sensor, performing heave and direct
pitch and roll measurements combined with a 3D fluxgate compass and X/Y accelerometers at 1.28 Hz.
The buoy measures wave height for wave periods of 1.6 to 30 s with an accuracy equal to 0.5% of
measured value.

The wave buoy installation and data management was carried out by a research team that
included the unit of the Laboratory of Coastal Engineering (LIC) of the Polytechnic University of Bari.
The collected dataset allows to obtain local information on the wave climate and a comparison with
the eastern Arabian Sea wave climate that also experiences the SW monsoon. The observed dataset
covers a five-month period and therefore it does not suffice to define the wave climate of the region.
Nevertheless, the data are useful for a discussion about spectral wave characteristics during monsoon
and post-monsoon period and for numerical wave data validation purpose (i.e., extracted from ERA5
dataset). Indeed, although the predominant swells from the south Indian Ocean may have similarities
with the west Indian coast, the wave field offshore Dhofar region is influenced by local wind patterns.

Given the lack of previous studies reporting sea state conditions along the examined coast
and in the wider region, in order to characterize the wind and wave patterns offshore Salalah and
across the Arabian Sea, ERA5 Re-Analysis dataset from ECMWF has been used. The ERA5 wave
dataset is produced using 4D-Var data assimilation in ECMWF’s Integrated Forecast System (IFS)
Cycle 41r2 [33,34]. The ERA5 dataset compared to ERA-Interim wave data [35] presents several
improvements including much higher spatial and temporal resolution, information on variation in
quality over space and time, much improved troposphere and an improved representation of tropical
cyclones [34]. The ERA5 dataset also provides uncertainty information obtained from data assimilation
and an enhanced number of output parameters. The horizontal resolution of the wave model in ERA5
is 0.36 degrees; the wave dataset derived from the global re-analysis consists of instantaneous forecast
values computed every 1 hour with a horizontal resolution of approximately 0.5 degrees, whereas
ERA-I wave dataset provides 6 hourly data at 1 degrees spatial resolution. Significant wave height of
combined wind waves and swell (SWH), mean wave period (MWP), mean wave direction (MWD),
significant height of wind waves (SHWW) and significant wave height of total swell (SHTS) have been
extracted at the nearest grid point offshore the area of interest (16.5◦ N, 54◦ E), about 50 km offshore
the wave buoy. The wave parameters are listed in the Appendix A.

2.2. Spectral Analysis and Partition Schemes

Half-hourly raw elevation data (heave, pitch and roll) have been analyzed and directional and
frequency spectra have been obtained. Frequency spectra have been obtained by means of standard
Fast Fourier Transform (FFT) to heave time series. Significant wave height (Hm0) and mean wave
period (Tm01) have been computed from 1D spectral moments and peak period (Tp) as the inverse of the
spectral peak frequency. Directional wave spectra have been computed through Maximum Likelihood
Method (MLM) [36] with a resolution of 0.005 Hz in frequency and 3.6◦ in direction. Mean wave
direction (MWD) and directional spread (σ), which can be seen as the mean and standard deviation of
the directional distribution function, respectively, have been estimated by using the method proposed
by [37].

In addition to frequency domain analysis, a standard zero-up crossing analysis has been also
performed in the time domain, defining individual waves and wave height and period distribution [38].
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Several other spectral parameters have been evaluated to describe the shape and the type of
recorded spectra. The spectral parameters are listed in the Appendix A. The spectral narrowness
parameter ν [39] and the spectral width parameter ε [40] have been estimated in order to measure
the width of the spectral band. The dimensionless parameters ν and ε can vary between 0 (narrow
band) and 1 (broadband). The spectral peakedness parameter Qp was proposed by [41] to describe the
peakedness of the spectral peak and the wave groupiness. According to [42] Qp has been recognized
to be a appropriate parameter to describe spectral distribution, since it does not depend on the cut-off
frequency unlike ν and ε . The significant spectral steepness Sp is defined as the ratio between Hm0

and deep water wavelength that corresponds with Tm02 wave period. According to [43], waves
depending on significant steepness values can be classified as wind wave (0.08–0.025), young swell
(0.025–0.01), mature swell (0.01–0.004) and old swell (<0.004). So far, various techniques have been
developed for spectral partitioning. They can be classified into 1D and 2D methods, depending on
whether or not they use directional spectral information [44]. Directional spectra provide additional
information about different wave systems that compose irregular sea states and 2D partitions methods
seems to be more reliable in the wind wave and swell detection [45]. In the present work, swell and
wind wave separation and detection have been performed exploiting image processing techniques
to deal with 2D spectrum information [45]. Directional spectra have been smoothed to remove noise
using a 3 × 3 convolution filter and then a watershed algorithm has been applied to separate the
existing wave systems. The smoothing and spectral segmentation is an iterative process that continues
until the number of spectral partitions reaches the maximum allowed number (usually 4–6). The
detected wave systems have been then classified as wind seas or swell [46] comparing the 1D spectrum
energy value at the peak frequency (S( fp)) of a wave system to the energy spectrum estimated
according to Pierson-Moskowitz spectrum [47,48] at the same peak frequency (SPM( fp)). If the ratio
γ∗ = (S( fp)/(SPM( fp) is greater than 1 the wave system is classified as wind wave, otherwise the
wave system is swell. Eventually, wave characteristics have been calculated for each wave system.
Swell and wind wave series resulting from watershed partitioning have been compared to results
obtained with wave age method [49]. Wave age method, unlike the method proposed by [45], requires
wind information to identify different wave regions in a directional spectrum, limiting its application.
Indeed, synchronous wave and wind data are not usually available. Moreover, for further check of
spectral partitioning, separation frequency of wind waves from swell in 1D spectra has also been
calculated using the spectrum integration method [50]. The last approach is an improvement of the
wave steepness method [51], that has been proven to overestimate wind waves under light wind when
a significant swell is present [45].

Wind wave and swell wave characteristics have been estimated from partitioned 1D spectra and
temporal variability have been analyzed.

2.3. Performance Evaluation of ERA-I and ERA5 Wave Datasets

The ability of ERA-I and ERA5 wave model to simulate significant wave heights and mean wave
periods has been assessed. The assessment is useful to gain insight about the reliability of ERA-I and
ERA5 data in regions where both swell and wind waves are present. The validation framework relies
on the use of goodness-of-fit parameters and their statistical significance [52]. A model performance
assessment based on a single indicator could lead to incorrect verification of the model, because all
goodness-of-fit parameters are affected by limitations [53,54].

The coefficient of determination R2, defined as the square of the correlation coefficient, is the
most widely used parameter to assess the predictive accuracy of models. Nevertheless, it is
insensitive to additive and proportional differences between the model simulations and observations.
The Nash-Sutcliffe coefficient of efficiency (NSE), defined as the ratio of the mean square error to the
variance in the observed data subtracted from unity, can be seen as an improvement of R2. Indeed,
it is sensitive to differences in the observed and model simulated means and variance. However, both
coefficients are extremely sensitive to outliers. The coefficient of determination ranges from 0.0 to 1.0,
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whereas NSE ranges from minus infinity to 1.0. The Nash-Sutcliffe coefficient of efficiency values lower
than zero indicate that the observed mean is a better predictor than the model. The higher the values
of the above mentioned coefficients, the better the agreement. Although NSE values interpretation
depends on model applications and can be subjective, ref. [52] proposed four model performance
classes, which are rated as unsatisfactory (NSE ≤ 0.65), acceptable (NSE = 0.65–0.8), Good (NSE = 0.8–0.9)
and very good (NSE ≥ 0.9).

Circular statistical parameters (i.e., RMSE, bias) have been estimated for observed and predicted
wave directions. The relationship between the direction of modeled and observed waves has been
analyzed using a circular correlation coefficient (ρcc) as proposed by [55] for two circular random
variables. The value of ρcc takes values within the interval from −1.0 to 1.0, where zero indicates that
there is no relationship between the variables and ±1 represents the strongest correlation possible.
The “goodness-of-fit” parameters are listed in the Appendix A, where N is the number of observations,
while Oi and Pi are the observed and simulated, respectively.

3. Observed Data Analysis

The procedure, illustrated in Figure 1, has been applied to the buoy observed dataset. After a
preliminary processing of the raw data, a spectral partitioning was carried out using different methods
in order to determine the best spectral splitting technique under such wave conditions. Then, the
observed sea states were classified as swell and wind waves.

3.1. Wave Characteristics

Series of significant wave height (Hm0), peak wave period (Tp), mean wave period (Tm01), mean
wave direction (MWD) and directional spread parameter (σ) have been obtained over 30-min intervals
(Figure 3). and the distribution of the percentage frequency of wave direction and height has been
analyzed for different months (Figure 4). The buoy was exposed to waves approaching from 55◦ to
235◦. As highlighted by [56], the SW monsoon in 2013 presented some peculiarities—a very fast onset
and a slower withdrawal phase that lasted from early September until the third week of October. This
pattern can be detected in the recorded wave time series from offshore southern Oman. There is a clear
distinction between the SW monsoon period (August), characterized by the highest waves coming
almost exclusively from the south, and the post-monsoon period (from November to December),
characterized by waves coming from east-southeast (ESE) and south-southeast (SSE). In that period,
NE monsoon wind waves coexist with long-traveled southern swells, and these two wave systems
result in a wave field with MWD tending to SE. The months of September and October 2013 can be
seen as a transitional period with low waves coming from S. In August, about 60% of significant wave
heights are between 2.25 m and the 3.25 m, while the remaining 40% are within the range 1.75 m and
2.25 m. In September, the direction from which the 92% of the waves come from is south. Waves from
SSW constitute the remaining 8%. The wave height values, in this month, are always lower than 2.25 m.
Significant wave height values (Figure 3a) decrease from the monsoon period to the post-monsoon
period (usually below 1.5 m). The only significant sea storm in the post monsoon was generated by the
2013 Somalia cyclone that severely affected the Oman coast on November.

During the monsoon period, Tm spans the range 5–8.5 s, while in the post-monsoon period Tm has
a wider range (3–10 s) (Figure 3b). When analyzing the wave peak periods (Figure 3c), it is observed
that the values are between 5 s and 15 s in the monsoon period. On the other hand, the values belong
to a wider range (between 3 and 20 s) in the post-monsoon period. In monsoon period, higher values
of the significant wave height are consistent with the observed lower variability of the Tp values.

Looking at directional spread parameter (σ) (Figure 3e) a wider range of values can be observed
in the post-monsoon season.
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Figure 3. Time series plot of significant wave height Hm0 (a), mean wave period Tm01 (b), peak wave
period Tp(c), mean wave direction MWD (d) and directional spread σ (e) from August to December 2013.

Wave parameters estimated using zero up-crossing analysis are listed in Table 1. The maximum
value of Hmax in the monsoon period reaches about 6 m. It can be noted that the average valuse of
Hmax and H1/3 in the monsoon period are about 2.5 times larger than the values in the post-monsoon
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period. Regarding the wave period during the monsoon season, Tm is higher with a smaller variability
range than in the post-monsoon period.

Table 1. Seasonal variability of wave characteristics observed in offshore Salalah.

Parameter AUG-SEP OCT-NOV-DEC

Average Range Average Range

Hmax (m) 2.85 1.02–5.94 1.13 0.30–4.01
Hmean (m) 1.08 0.42–2.04 0.42 0.10–1.50
Hrms (m) 1.21 0.46–2.28 0.47 0.21–1.67
H1/3 (m) 1.70 0.64–3.22 0.66 0.29–2.32
H1/10 (m) 2.11 0.80–3.99 0.82 0.25–2.96
Tmean (s) 6.81 4.97–8.42 5.34 2.90–9.69
T1/3 (s) 8.32 5.98–9.87 7.14 3.23–12.11
T1/10 (s) 8.39 6.05–10.3 7.75 3.24–13.74

Figure 4. Monthly wave roses. Nautical convention for wave directions (i.e., the direction where the
waves come from).

3.2. Wave Spectra

Wave spectra and spectral shape parameters have been estimated and their temporal evolution
during the recorded period has been analyzed.

The estimated spectral narrowness ν (Figure 5a) varies, during the monsoon season, between
0.35 and 0.65, while greater values have been detected during the post-monsoon period. Narrowness
values are in agreement with values obtained for the monsoon period in the Arabian Sea along the
western coast of India [29]. Differently, spectral width values ε for narrow-banded spectra in the
monsoon period are higher than the values found in broad-band spectra in the post-monsoon: this
parameter cannot be used as an indicator for the spectral width (Figure 5b). The spectral peakedness
parameter Qp [41], instead, seems to be useful for spectral narrowness estimation, with higher values
during the monsoon period and lower values for broad band spectra in the post-monsoon (Figure 5c).

The significant spectral steepness Sp decreases going from monsoon period to the post-monsoon
(Figure 5c). In the SW monsoon period, the waves can be classified as either young swells or wind
waves, with steepness values between 0.01 and 0.03. In the post-monsoon period, the steepness
values are in a wider range between 0.005 and 0.033, and swells, young swells and wind waves can
be detected.
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Figure 5. Time series plot of spectral narrowness parameter ν (a), spectral width parameter ε (b),
spectral peakedness Qp (c) and significant wave steepness Sp (d).

Figure 6 shows temporal variability of normalized spectral energy density. To obtain the
normalized spectral energy value, energy density corresponding to a given frequency has been
compared to the peak energy density. The highest values of normalized energy density are found
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at frequencies between 0.08 and 0.13 Hz (period between 12.5 and 7.7 s) from August to September,
whereas fp are between 0.05 and 0.3 Hz in the post-monsoon period (corresponding period between
3.5 s and 20 s) when wind waves coexist with long swell waves, as can be seen from Figure 7.

Figure 6. Temporal variability in the normalized spectral energy density during the observed period
(computed from half-hourly data). Spectral energy values normalized with respect to peak energy
density. Red dots are located at the peak frequency.

The average monthly directional spectra have been obtained by averaging semi-hourly recorded
spectra. To obtain normalized spectral energy value, energy density corresponding to a given frequency
has been compared to the peak energy density. Looking at the temporal variability from August to
December, it can be noted that the monthly averaged spectrum tends to flatten going from the
monsoon period to the post-monsoon evolving from an almost unimodal shape in August to spectra
with very low energy density and multiple peaks during post-monsoon (Figure 7). This is consistent
with [30]; they observed the same behavior along the western Indian coast. In August average monthly
directional spectra have the highest spectral density with a peak period at 0.1 Hz and wave direction
at about 180◦. In September, frequency bands are significantly wider than in August and the wave
direction varies between 100 and 300◦. In October, multipeaked spectra appear and three different
wave systems can be detected: a long period swell (frequency 0.06 Hz), an intermediate period swell
(frequency 0.1 Hz) and a wind generated wave (frequency 0.15 Hz). During November and December,
the NE monsoon wind generated waves (between NE and E) coexist with the distant swells from the
south Indian Ocean (from south). Moreover, in November, long period swells coming from south
with peak frequency of about 0.06 Hz can be detected. The monthly variability in the spectral energy
distribution seems to be similar to that found along the western Indian coast [30].
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Figure 7. Monthly average wave directional spectra. Spectral energy values normalized with respect
to peak energy density.

3.3. Spectral Partitioning

Swell and wind wave separation and detection have been performed exploiting 2D spectrum
information [45]. A sensitivity analysis has been carried out by changing the threshold value (γ∗). Wave
spectra separation in the monsoon period is a complex issue because observed waves often present
two different wave systems (multiple swells or swell and wind waves) with neighboring directions too
close or even merged to form a single peaked spectrum. A threshold value equal to 1.2 has been used in
the following data analysis because the lower threshold can lead to a wind wave height overestimation
during weak wind condition. A further verification of 2D spectral partitioning performance was
performed using the wave age criterion, and the two methods yield comparable results in wave system
partitioning and classification. Moreover, frequency wave spectra have been split according to [50].
Results from 2D and 1D spectral partitioning have been compared, and outcomes are often contrasting:
applying the 2D spectrum segmentation most of the waves are identified as swells, whereas using the
spectrum integration method waves are mostly classified as wind waves. Portilla et al. [45] already
found that the steepness method overestimates wind waves heights, especially in growing wind
wave conditions where a swell is also present. In such conditions, common in the examined ocean
basin, the improved spectrum integration method does not seem to overcome this problem and the
analysis shows that the wind wave partition still includes a relevant part of swell portion. Furthermore,
according to significant steepness values, observed waves during monsoon should be classified as
young swells, and this finding is in contrast to results from [50]. However, it is to be noted that swell
and wind waves cannot be effectively separated in the wave spectra recorded in the monsoon period
and, in many cases, the various wave systems are only recognizable by an analysis which also includes
directional distribution.
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Swell and wind waves time series highlight during the monsoon season the presence of a steady
swell wave field coming from SSW over which wind waves with almost the same direction superimpose
(Figure 8). In the post-monsoon, storm events generated from NE monsoon wind can be easily detected.
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Figure 8. Time series plot of wave characteristics estimated from partitioned spectra: significant wave
height, wind wave and swell height (a); mean wave period, wind wave and swell mean wave period
(b); and mean wave direction, wind wave and swell mean wave direction (c).

Long-period swells with low wave heights (less than 1 m) and peak wave periods greater than
14 s have been observed in the post monsoon period (2.7% of the observed waves). When long waves
occur, wave spectra typically present two different swell systems: a primary swell peak at 0.06 Hz and
a secondary swell peak at 0.1 Hz. Long waves along the eastern Arabian Sea are typical of pre and
post-monsoon periods, while during the SW monsoon their occurrence frequency is low due to the
strong winds that affect the Indian Ocean [57,58].

3.4. Comparison between Observed Data and ERA Wave Datasets

As a preliminary step, observed wave data have been compared to ERA5 and ERA-I wave datasets
in order to evaluate the wave model performance in that region. Since no comparison had ever been
carried out on the ERA-I data offshore Oman, it seemed useful to investigate those data, even if they
are outdated and ERA5 is the latest global wave model. The comparison has been carried out using a
back-propagation approach in which waves recorded by the buoy near the coast are refracted back
to the nearest ERA grid node (located about 50 km offshore the Oman coast). The wave height in
the nearest ERA grid point has been estimated from the observed wave height by using the energy
flux conservation principle, and considering simple, straight and parallel contours of the bathymetric
configuration. The wave height at ERA point (suffix “M”) can be estimated from buoy observation
point (suffix “B”) as
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HM =
HB

(cosθM/cosθB)0.5 × (CgM/CgB)0.5

where H is the significant wave height, θ is the wave direction and Cg is the group velocity.
A statistical comparison of observations and forecasts using ERA5 and ERA-I wave models

highlights that the ERA5 wave model has a better performance for wave heights estimation (Figure 9).
Mean error, standard deviation and root mean square error (RMSE), relative bias and coefficient of
determination (R2) have been estimated for the numerical datasets, and results have shown an RMSE
of 0.23 m for ERA5, lower than RMSE estimated for ERA-I data (0.26 m).

SWH ERA-I ERA5

RMSE (m) 0.263 0.230
Relative Bias (%) 0.15 0.03

R2 0.90 0.90
NSE 0.831 0.871

Figure 9. Comparison of the synchronous wave heights extracted from ERA wave models against the
back-propagated observed wave heights at the nearest ERA5 grid node.

Considering the best results of ERA5 wave model, further analyses on ERA5 wave data have
been carried out, evaluating the model’s performance. Table 2 reports all the statistical parameters
estimated in the monsoon and post-monsoon season. During the SW-monsoon period the model is
rated as unsatisfactory (NSE = 0.515) with a wave height overestimation (RMSE = 0.32 m) and a quite
low relative bias = 0.08 %). During the post-monsoon period, the fit results span from unsatisfactory to
acceptable (NSE = 0.679), and simulated wave heights present a overestimation (RMSE = 0.19 m) and a
higher relative bias (bias = 0.185%).

As proposed by [13] the ERA5 mean wave period (MWP) has been compared to the energy wave
period (Te). MWP time series obtained from ERA5 dataset are rated unsatisfactory in the monsoon
season (NSE = 0.178 and acceptable (NSE = 0.677) in the post-monsoon.

A rather good agreement can be seen between ERA5 MWD and observed MWD, even if during
post-monsoon period ERA5 MWD are more easterly than measured MWD (as a negative bias
is present).
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Table 2. Seasonal variability of goodness-of-fit metrics used for comparison of the ERA5 data with the
observed wave data.

AUG-SEP OCT-NOV-DEC

Hm0

RMSE (m) 0.32 0.19
Relative Bias (%) 0.08 0.185

R2 0.60 0.81
NSE 0.515 0.679

Tm

RMSE (m) 0.431 0.770
Relative Bias (%) −0.02 −0.05

R2 0.36 0.72
NSE 0.178 0.667

MWD
RMSE (deg) 10.29 27.29

Bias (deg) −7.675 −20.25
ρcc -0.02 0.909

In order to explain such seasonal differences in wave model performance, further analyses have
been performed, evaluating the model’s performance for swell and wind waves’ predictions separately.
Figure 10 reports all the comparisons carried out: (a) a scatterplot of observed significant wave height
of combined wind waves and swell versus ERA5 values; (b) a scatterplot of observed significant swell
wave height versus ERA5 values; (c) a scatterplot of observed significant wind wave height versus
ERA5 values. In all panels of Figure 10, red dots represent observed/predicted wave heights in the
post monsoon season (October, November and December). The ERA5 wave dataset has two different
performances in wave height prediction depending on wave type: swell wave height is generally
overestimated both in monsoon and post-monsoon seasons, whereas wind wave height seems to be
less accurate in the monsoon-season.

Figure 10. Scatter plot of the synchronous wave heights extracted from ERA5 wave models against the
back-propagated observed wave heights at the nearest ERA grid node: (a) observed SWH vs. ERA5
SWH; (b) observed SHTS vs. ERA5 SHTS; (c) observed SHWW vs. ERA5 SHWW. Red dots represent
wave heights in the post-monsoon season (October, November and December).

Moreover, the performance of the model was analyzed according to the value of wind wave–swell
energy ratio SSER [59] (Figure 11). If SSER� 1, the sea states are classified as wind waves. Waves are
identified as swells if SSER� 1. For other cases a mixed sea state is present.

It can be easily observed that more than 80% of modeled sea states can be classified as swell and
ERA5 SHTS are usually greater than observed swell heights in all sea state conditions (swell-dominated,
wind wave-dominated and mixed sea states). In the case of swell-dominated states, ERA5 SHWW are
underestimated, whereas in wind wave domination, conditions are usually overestimated. As also
reported in Figure 9 the ERA5 wave model fails in prediction of wave heights particular likely when a
persistent swell condition occurs as in the monsoon season.
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Figure 11. Scatter plot of wind waves-swell energy ratio SSER values against the ratio between the
predicted and observed wave heights for wind (square markers) and swell partition (circle markers).

4. Concluding Remarks

In order to identify the sea state conditions in which the numerical (wave) models get reliable
results, a correct evaluation of the performances of numerical wave models first requires an accurate
definition of the local framework in which they are applied.

The procedure outlined in this paper is intended to provide a general approach for wave field
classification and wave model performance assessment in complex sea states when growing wind
waves superimpose on a swell system.

The methodological approach has been applied to an observed wave dataset recorded in the
Arabian Sea offshore southern Oman coast in the second half of 2013 during the monsoon and the
post-monsoon seasons. The observed wave time series highlights a clear distinction between the SW
monsoon and post-monsoon periods: in the first period the buoy recorded highest waves coming
almost exclusively from the south, whereas in the following months waves were lower and coming
from ESE and SSE. Significant variability in the monthly averaged spectrum has been observed: spectra
are single peaked swells in August and September, whereas spectra are multipeaked with generated
waves that coexist with the distant swells from the south Indian Ocean from October to December.
In such wave conditions, it was found that the best possible results in wave spectra separation were
provided by using a 2D spectral partition. Swell and wind wave systems can be detected only if a
directional spectral analysis is carried out.

Once the recorded wave data have been analyzed and local sea wave climate has been defined, the
observed data have been exploited to validate ERA5 wave model performance in the region. The results
of the wave model validation highlighted that the wave model has two different performances
depending on the sea condition. The model verification has been carried out for each season using
a validation model that combines “good-of-fit parameters” and statistical significance instead of the
widely-used coefficient of determination. The [52] validation model helps in overcoming problems in
interpretation of NSE values, that can often be subjective, proposing four model performance classes.
The analysis has shown that during the monsoon season the numerical dataset presents relevant issues
in swell wave height and wave period reconstruction. During the post-monsoon period, the hindcast
is also affected by biases and errors.

Furthermore, according to wind wave–swell energy ratio (SSER) the comparison has shown an
overestimation in terms of swell wave heights for all sea-state conditions. A underestimation of wind
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wave heights in swell-dominating conditions is also observed. In wind wave dominated conditions,
both swell and wind waves are overestimated.

The total significant wave height overestimation is probably due to swell wave height
overestimation, as also reported for ERA-I wave dataset by [13] in the North Indian Ocean and [2] in
swell-dominated basins. For the overall wave height overestimation, the highest waves seem to be
underestimated in accordance with [1], who found an overestimation of the upper percentile wave
heights forecasted in the ERA-I dataset. Some of the discrepancies in the wave data comparison may
be related to the coarse resolution of the wind input and wave model grids, as suggested by [10], who
highlighted the importance of local wind influence and bathymetry effects in ERA-I wave model.

The ERA5 global model provides wave hindcast in a low-resolution grid, and a complex
environment such as the nearshore Arabic Sea probably cannot be fully modeled. Thus, the ERA5
wave dataset allows one to describe wave and wind fields across the Arabian Sea, providing a regional
overview and overcoming the lack of in situ data, but a finer nested grid model has to be implemented
to predict wave field in that region. This is an ongoing activity.
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Appendix A. List of Wave and “Goodness-of-Fit” Parameters

mn =
∫ ∞

0 S( f ) f nd f nthmoment of energy spectrum
Hm0 = 4

√
m0Significant wave height

Tm01 = 2π m0
m1

Mean wave period

Tm02 = 2π
√

m0
m2

Mean zero-crossing period
Tm10 = 2π m1

m0
Energy period

MWD = atan2(b1, a1)Mean wave direction
σ = =

√
2(1− C1)Directional Spread of MWD

Ss = 2π
Hm0
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m01
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∫ x
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√
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Coefficient of determination
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i=1(Oi−O)2 Coefficient of efficiency
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i=1 sin(Oi−O)sin(Pi−P)√
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