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Abstract 

A wave resource characterization was performed for the southern coast of Alaska based 

on a 32-year hindcast covering the period from 1979 to 2010. The characterization closely 

followed International Electrotechnical Commission (IEC) Technical Specifications. An 

unstructured-grid Simulating WAves Nearshore (SWAN) model, which had an approximate 

spatial resolution of 300 m within 30 km from the nearest shoreline, was developed. Extensive 

model validation and error characterization was performed. The model was found to perform 

well with an average absolute percent error of 8.6% in significant wave height, averaged over 18 

buoys. Statistics for the six IEC wave resource parameters were calculated and aggregated at 20 

km from shore to quantify the incident wave power and its variability at a regional scale. The 

southern coast of the Aleutian Archipelago was found to have the most available wave energy in 

the region. A nearshore resource assessment was performed by evaluating resource hotspots 

located 1 km from shore. More than 28% of the nearshore stations analyzed had an Optimum 
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Hotspot Identifier value of at least 5 [kW/m] at diverse water depths, thereby positioning Alaska 

as a promising location for wave energy development. 
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A wave resource characterization was performed for the southern coast of Alaska based 11 

on a 32-year hindcast covering the period from 1979 to 2010. The characterization closely 12 

followed International Electrotechnical Commission (IEC) Technical Specifications. An 13 

unstructured-grid Simulating WAves Nearshore (SWAN) model, which had an approximate 14 

spatial resolution of 300 m within 30 km from the nearest shoreline, was developed. Extensive 15 

model validation and error characterization was performed. The model was found to perform 16 

well with an average absolute percent error of 8.6% in significant wave height, averaged over 18 17 

buoys. Statistics for the six IEC wave resource parameters were calculated and aggregated at 20 18 

km from shore to quantify the incident wave power and its variability at a regional scale. The 19 

southern coast of the Aleutian Archipelago was found to have the most available wave energy in 20 

the region. A nearshore resource assessment was performed by evaluating resource hotspots 21 

located 1 km from shore. More than 28% of the nearshore stations analyzed had an Optimum 22 
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Hotspot Identifier value of at least 5 [kW/m] at diverse water depths, thereby positioning Alaska 23 

as a promising location for wave energy development. 24 

Key words: wave energy resource, wave climate, Alaska Coast, SWAN, WW3, hot spots 25 

Highlights: 26 

• A high-resolution wave model covering the southern Alaska coast was developed and 27 

validated.  28 

• The first systemic wave resource characterization of southern Alaska following IEC-TS 29 

62600-101 30 

• The southern coast of the Aleutian Archipelago has the highest annual wave power at 45.4 31 

kW/m  32 

• Southeast Alaska and the Aleutian Archipelago had the most nearshore hotspots with 33 

Optimum Hotspot Identifier > 5 kW/m 34 

  35 
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1 Introduction 36 

Interest in harvesting marine renewable energy has increased in recent decades as the 37 

world works toward decarbonizing energy production. Global wave energy is a vast resource 38 

whose theoretical value has been estimated to be over 2 TW [1]. Global wave resource 39 

assessments have identified the North Pacific Ocean as an energetic region with offshore wave 40 

power density in excess of 35 kW/m in the winter [2,3], with the coast of Alaska being identified 41 

as a high energy ocean coast [4]. Exploitation of this resource could help offset carbon emissions 42 

and develop new offshore markets. Wave resource characterization is a crucial first step in the 43 

planning, design, and development of wave-powered energy generation [5]. The wave energy 44 

resource of the United States (U.S.) has been characterized in detail at a national (large) scale 45 

[6,7] and regionally for the East Coast [8,9], West Coast [10–16], Caribbean [17], and Hawaii 46 

[18–20]. While most of the coastal waters of the U.S. have been characterized, to the authors’ 47 

knowledge no nearshore wave energy resource based on long-term wave hindcasts has been 48 

performed for the Alaska coastal region. 49 

Global assessments serve to identify energetic offshore regions and these studies employ 50 

numerical wave models because long term in situ measurements are not widely available. 51 

Barstow et al. [21] produced an early global wave resource characterization based on two years 52 

of data derived from satellite borne altimeters that required estimating the wave period but gave 53 

a first order estimate of the resource. Follow up studies circumvented the limitations of this study 54 

using model hindcasts. Cornett [3] evaluated the global wave resource using a 10-year hindcast 55 

at with a resolution of 1.25° by 1.0° (139 km by 111 km at the Equator). The wave power was 56 

estimated from significant wave height and the peak period assuming deep water conditions. 57 

Arinaga and Cheung [2] evaluated the global wave power using a 10-year hindcast with the same 58 
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spatial resolution but focused on the different components of the sea state, which adds  59 

directional wave information indirectly as the sea state characterization comes from a 60 

partitioned, directionally resolved wave spectrum. The wave resource was characterized based 61 

on significant wave height, mean period, and wave power. In parallel to these developments, 62 

Electric Power Research Institute (EPRI) performed a large scale wave resource assessment for 63 

the U.S. based on buoy data [22] which was then superseded with a 51 month hindcast at a 4 arc-64 

minute resolution [6]. This assessment identified the waters off the Alaskan coast as the most 65 

energetic in the U.S. and presented integrated wave power for the inner shelf based on a 66 

reconstruction of the wave spectrum from partitioned parameters. Historically, the directional 67 

characteristics of the resource have not been studied at a large scale. However, recently, Ahn et 68 

al [7] evaluated the main partitions and classified the wave climate along the U.S. coastal waters 69 

and included the general directionality of the resource. That study used results from a 30-year 70 

hindcast at a 4 arc-minute resolution. All these studies point to Alaska as a promising location 71 

for wave energy harvesting. This warrants a detailed assessment that considers the complete 72 

directionality of the resource, an accurate representation of shallow water effects, and a long-73 

term dataset. Furthermore, the analysis of the results and the parameters evaluated differ from 74 

study to study making it difficult to compare between them. This can be addressed by performing 75 

an assessment following industry standard methodology. If wave power and other wave resource 76 

characterization parameters are directly computed from the model output, no approximations 77 

(e.g. via spectral reconstruction) will be necessary. 78 

Alaska, through House Bill No. 306 adopted in 2010, has set a goal to generate 50% of its 79 

electricity from renewable sources by 2025. The respective costs of electricity for residential, 80 

commercial, and industrial sectors are 73%, 80%, and 148% higher than the U.S. average as of 81 
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September 2020 (https://www.eia.gov/state/?sid=AK accessed 5 January 2021). The electric grid 82 

in Alaska is not connected to major grids such as the Western Interconnection, making it an 83 

energetically vulnerable region. This vulnerability is further exacerbated in the Alaskan islands, 84 

where, for instance, the Aleutian Islands are not connected to any of the larger regional grids in 85 

mainland Alaska. Many of the rural communities rely on expensive diesel electric generators for 86 

power (https://www.eia.gov/state/?sid=AK accessed 5 January 2021). The combination of high 87 

prices and the vulnerability of the grid make Alaska a compelling place to develop renewable 88 

energy production, including wave energy. While several wave energy converters (WECs) have 89 

been tested around the world, no WEC has been tested in Alaska. One of the reasons for this is 90 

the lack of detailed wave information for developers and stakeholders. 91 

The most promising area for WEC developments lies on the nearshore, in part because of 92 

the associated electricity transmission and maintenance capabilities [23]. Waves in the nearshore 93 

are affected by bathymetry mainly through refraction and depth-induced breaking. Because long-94 

term and spatially dense monitoring of waves is not available in Alaska, a numerical study of the 95 

wave resource is necessary. State-of-the-art numerical models have the capacity for simulating 96 

the wave climate, including the effects of nearshore and shallow water physics, with great 97 

accuracy [24]. This paper presents a detailed modeling study of wave resource characterization 98 

focused on nearshore (within 20 km from shore) Alaska to address the knowledge gaps in the 99 

region. A 32-year hindcast (1979–2010) covering the southern portion of the Exclusive 100 

Economic Zone (EEZ, 200 nautical miles from shore) around southern Alaska was performed. 101 

The model developed as part of this study closely follows the recommendations of the 102 

International Electrotechnical Commission Technical Specification (IEC-TS) 62600-101 for 103 

marine energy [25] for a Class 2 (feasibility) wave resource characterization. The present model 104 
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has a spatial resolution of ~300 m in the 30 km adjacent to the main coastlines and islands, 105 

which complies with the IEC-TS requirements of 500 m spatial resolution. Note that the IEC-TS 106 

specifies the resolution for a computational grid composed of quadrilateral elements. This is 107 

equivalent to a side length of 760 m for computational grids composed of triangular elements 108 

which is the type of grid used in this study. The IEC-TS also specifies the physical processes that 109 

need to be accounted for and the types of models used, further information about the compliance 110 

of this study with the IEC-TS is presented in Section 2.2.  111 

Using the model results, the nearshore resource is assessed following the IEC-TS 112 

guidelines for reporting and analysis. In addition, the monthly, seasonal, and yearly variability 113 

indices, and the Optimum Hotspot Identifier (OHI) values were computed to evaluate the wave 114 

resource. These are device agnostic parameters that characterize the suitability of a location for 115 

energy exploitation based on the temporal variability of the resource. 116 

The rest of the paper is structured as follows: the methodology and model description are 117 

provided in Section 2. The model validation and error characterization are presented in Section 3. 118 

The regional wave resource characterization based on IEC-TS is presented in Section 4. Section 119 

5 assesses the nearshore resource at virtual stations located 1 km from shore. Finally, the 120 

conclusions of the study are presented in Section Error! Reference source not found.. 121 

2 Methods 122 

2.1 Study area  123 

There are two main reasons that Alaska has the largest wave energy resource in the U.S. 124 

[6]. First, it has the longest coastline of any U.S. state, thus when aggregating the results Electric 125 

Power Research Institute (EPRI, [6]) found Alaska had the largest potential of all regions. 126 
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Second, the southern coast is exposed to the energetic Pacific Ocean swells and strong locally 127 

generated waves [e.g. 2]. The waves in the northern Pacific Ocean are characterized by energetic 128 

winters and calmer summers [e.g. 2]. 129 

Alaska borders multiple basins in the Pacific and Arctic Oceans, including the Gulf of 130 

Alaska, the Aleutian Basin, Bering Sea, Beaufort Sea, and Chukchi Sea (see Fig. 1). Because of 131 

its large area, great diversity in the wave climate is expected regionally in Alaska. Sea ice has 132 

been historically present along the Arctic and Bering coasts of Alaska during the winter and 133 

spring, but the conditions in the Arctic Ocean and the northern Bering Sea are changing rapidly 134 

[26–28]. At the current rate of change in sea ice coverage, the wave climate for the first decade 135 

of this century might not be representative of the conditions at the time of this writing. Therefore, 136 

we decided not to include the Arctic and North Bearing Sea in the 32-year analysis. Based on 137 

Climate Forecast System Reanalysis (CFSR,  [29]) data, Bristol Bay was ice free, 95% of the 138 

time (Fig. 1a) during the hindcast period. There have been times, however, when large portions 139 

of Bristol Bay were ice covered. We decided to include Bristol Bay as part of the model because 140 

it is mostly ice free. However, it must be acknowledged that the historical wave climatology will 141 

be overestimated in its intensity during winter and early spring in this region because the 142 

Simulating WAves Nearshore (SWAN) model version used in this study does not consider the 143 

effect of sea ice. In addition, we excluded Cook Inlet from the analysis because of the known 144 

presence of sea ice during the winter and spring [30] even though the inlet is included in the 145 

model domain. 146 

The study area thus extends westward from Cape Newenham at the north end of Bristol 147 

Bay until it meets the EEZ line, and follows the line around the Aleutian Islands to the 148 
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southeastern part of the state at the Dixon Entrance where it reaches the U.S.-Canada border 149 

(Fig. 1). This domain covers 2,836,000 km2 of the 3,770,000 km2 of the U.S EEZ around Alaska. 150 

 151 

Fig. 1. (a) Maximum, 99th percentile, and 95th percentile sea ice extent from 1979 to 2010 in 152 
Western Alaska. SWAN Bnd is the open boundary condition of the model and SWAN N Bnd 153 
is the northern section of the open boundary. (b) Bathymetry for the wave model with the 154 
U.S. Exclusive Economic Zone overlaid. 155 

2.2 Regional wave models 156 

The primary model used for simulating and characterizing the nearshore wave climate of 157 

Alaska is SWAN Cycle III Version 41.10 [31,32]. SWAN is a third-generation model that solves 158 

the spectral action balance equation:  159 

���� � ������ � �����	 � ��
��� � �����
 � 1
 ���� � ��� � ���� � ���� � ����� (1) 

where N is the wave action, �� and �� are the group velocity in the spatial dimensions, �
	and �� 160 

are the propagation velocities in spectral space, �  is the wave direction, and 
 is the radian 161 

frequency of the waves. The right-hand side represents the sinks and sources of energy. Wind 162 

input (���) and whitecapping (���) were simulated with the SWAN default formulations using 163 

the Komen et al. [33] method. As part of the wind input source term, initial linear growth was 164 

activated using the Cavaleri Malanotte-Rizzoli [34] method. Non-linear quadruplet interactions 165 
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(���) were simulated using the Discrete Interaction Approximation [35]. Finally, dissipation due 166 

to bottom friction (����) and depth-induced wave breaking (����) were modeled based on the 167 

JONSWAP [36] and Battjes and Janssen [37] formulations, respectively. Energy transfers due to 168 

triad interaction were not included in the model. All source terms used the default coefficients in 169 

SWAN 41.10. The effects of water levels and currents have not been considered in the hindcast, 170 

which could be important in areas of high speed currents (see Guillou et al. [38] and references 171 

therein), such as Cook Inlet and the Inside Passage (not included in this model). However, 172 

because the ocean currents are weak over most of the domain [39] these are not expected to 173 

significantly affect the waves [40]. The inclusion varying water levels and currents are 174 

recommended for localized Class 3 resource assessments in areas where currents and tides affect 175 

the waves. In this study we used the unstructured mesh implementation of SWAN, which uses an 176 

implicit, unconditionally stable, finite difference solution scheme [41]. Implicit solutions are 177 

more computationally efficient for large models at high spatial resolutions than explicit models 178 

(see Cavaleri et al. [24] and references therein). In addition, SWAN was selected as the basis for 179 

the numerical model because it has been implemented successfully in many other regions for 180 

similar recent wave resource assessments [17,18,42–55]; with many of these studies 181 

implementing the unstructured mesh version of SWAN [13,42,43,46,48,50,51,54,55]. 182 

This model was configured to be homologated as a Class 2 (feasibility) resource assessment 183 

in accordance with IEC-TS 62600-101 [25]. Table 1 shows the IEC-TS homologation for the 184 

most important parameters. The model mesh was configured with a resolution of 300 m or higher 185 

in the region between the coastline and 30 km from shore (Fig. 2a). This ensured that the area 186 

where WECs are more likely to be installed was resolved at a resolution that allows for 187 

feasibility (Class 2) studies [23]. Thirty kilometers from shore the resolution was relaxed until it 188 
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reached a 4 km resolution at the open boundary. This resulted in a computational domain with 189 

3,894,283 nodes and 7,719,870 elements. Fig. 2b-c shows the model mesh around the Andreanof 190 

Islands and Fox Islands in the Aleutian Archipelago. The model bathymetry comes from the 191 

Southern Alaska Coastal Relief Model [56], and National Oceanic and Atmospheric 192 

Administration (NOAA) Fisheries digital elevation models [57–59].  193 

 194 

Fig. 2. (a) Model mesh resolution. Mesh examples around the (b) Andreanof Islands and (c) 195 
eastern Fox Islands. Locations of panels b and c are outlined in turquoise in panel a. 196 

The spectral grid was discretized with 29 logarithmically spaced frequencies from 0.035 to 197 

0.505 Hz. The spectral resolution was increased from the IEC-TS–recommended 10° to 5° to 198 

alleviate the Garden Sprinkler Effect, which was assessed qualitatively and discussed in a study 199 

report [60]. The model was solved in non-stationary mode with a 10-minute time step. A 200 

maximum of two iterations per integration time step were allowed in order to maximize 201 

computational efficiency. This number of iterations was determined via convergence analysis 202 

(not shown), and the results were consistent with a similar study of the U.S. East Coast [43], 203 

where it was found that limiting the number of iterations did not adversely affect model 204 

performance. 205 

Table 1. IEC-TS Class 2 model homologation. Recommended values are italicized.   206 
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Parameter IEC-TS Requirement This Study 

Wind temporal resolution 3 h 1 h 

Wind spatial resolution 50 km 
Zonal: 32 km at 55° 
Meridional: 55 km 

Spectral boundary conditions Yes Yes 

Third-generation physics Yes Yes 

Shallow water physics Yes Yes 

Sea ice Yes Considered in WW3 

Water-level variations Yes Noa 

Wave-current interactions Yes Noa 

Minimum spatial resolution 500 m 300 m 

Minimum number of frequencies 25 29 

Frequency range 0.04 – 0.5 Hz 0.035 – 0.505 Hz 

Directional resolution 10° 5° 
aThis could be important in the Inside Passage, Cook Inlet, and Prince William Sound. These areas were not analyzed for wave 
energy resource in this study. 
WW3 = Wavewatch III® 

 207 

Spectral boundary conditions are provided at an hourly resolution at every boundary node, 208 

each of which are specified at 4 km intervals, by a reimplementation the Wavewatch III® (WW3) 209 

multi-grid model run operationally by NOAA National Centers for Environmental Prediction 210 

[61]. This system consists of three levels of nesting ranging from a 0.5 arc-degree resolution 211 

model with global coverage to an 8 by 4 arc-minute model providing coverage closer to shore 212 

(see Table 2). The modeling system extends northward from the Bering Strait into the Arctic 213 

Ocean, thereby providing complete coverage of the Bering Sea. The inclusion of this region was 214 

important for providing boundary conditions to the northern end of the regional model (discussed 215 

in Section 2.1). This multi-level method for providing open boundary conditions has been used 216 

extensively in previous wave resource characterization studies [e.g. 11–14,17,49]. 217 

WW3 is also a third-generation spectral wave model that solves the action balance 218 

equation. However, WW3 solves that equation using a different numerical method and employs 219 

different parameterizations for some source terms in comparison to SWAN. In this study we 220 
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used the ST4 physics package option in WW3 to simulate ��� and ��  [62]. The non-linear 221 

quadruplet interactions, bottom friction, and depth-induced breaking were modeled with the 222 

same formulations used in SWAN. Default parameters were used for all free parameters in the 223 

source term equations. Sea ice was implemented using the subgrid obstruction model based on 224 

ice concentration [63]. The effects of scattering and wave damping were not included in the 225 

model. Ice concentration cutoffs of 0.25 and 0.75 were used to define the level of wave energy 226 

obstruction at each grid cell following the Tolman [63] method. Thus, partial wave energy 227 

blockage occurs at model cells with ice concentration values in this range. 228 

The WW3 simulations used 29 frequency bins, 24 direction bins, and a frequency range from 229 

0.035 Hz to 0.505 Hz with bins increasing logarithmically by a factor of 1.1. WW3 has an 230 

explicit solution scheme that requires four time steps per model: the global time step (Δtg), the 231 

spatial propagation time step (Δtxy), the intra-spectral propagation time step (Δtk), and the source 232 

term integration time step (Δts). The time steps used in the model are summarized in Table 2. 233 

Table 2. Wavewatch III model parameters. 234 

Model Name Coverage 
Resolution 
(lon x lat) 

Time Steps (s) 

Δtg Δtxy Δtk Δts 

Global (L1) 77.5°S – 77.5°N; 0 – 360°W  0.5° × 0.5° 1800 600 900 30 

Alaska 10 m (L2) 44° – 75°N; 140°E – 120°W 15' × 10' 1800 225 900 15 

Alaska 4 m (L3) 48° – 74°N; 165°E – 122°W 8' × 4' 600 150 300 15 

 235 

2.3 Surface and open boundary forcing 236 

Wind forcing for the wave model comes from the CFSR [29]. This forcing was chosen for its 237 

consistency with other resource assessments in the U.S. [12–14,43]. CFSR covers the 32-year 238 

period from 1979 to 2010 with a consistent model configuration. The analysis period exceeds the 239 

10-year period recommended by the IEC-TS. Seasonally averaged wind magnitude and direction 240 
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over the study period are shown in Fig. 3. Wind speed over the study area varies seasonally, with 241 

stronger winds in the winter and weaker winds in the summer. The wind direction is also 242 

variable over the domain. During the summer, winds blow poleward in the southern Bering Sea 243 

and the direction reverses during the winter and the shoulder seasons. Throughout the year the 244 

wind blows northward in the Gulf of Alaska. These wind patterns have an effect on the locally 245 

generated waves, thus affecting the distribution and magnitude of energy at high frequencies 246 

(i.e., small wave periods). For a detailed assessment of wind offshore of Alaska, refer to 247 

Doubrawa Moreira et al. [64]. 248 
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 249 

Fig. 3. Seasonal wind speed and direction 10 m above the surface near Alaska. (a) Winter: 250 
December, January, and February; (b) Spring: March, April, and May; (c) Summer: June, 251 
July, and August; and (d) Autumn: September, October, and November. 252 

The study area was delimited by the EEZ and the presence of sea ice. However, the effect 253 

of the sea ice on the waves in the Bering Sea must be captured at the boundaries. Sea ice 254 

concentration is included in the WW3 model at a 0.5° resolution obtained from CFSR at daily 255 

intervals; this data set has been used by other large-scale models [61]. Fig. 4 shows the monthly 256 

averaged significant wave height at the northern boundary of the SWAN model (shown in Fig. 257 

1a as SWAN N Bnd). During the boreal summer, waves do not show a strong decline in height 258 
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east of 170°W. During the winter and spring, sharp declines in significant wave height (!"#) are 259 

seen in that region. That sharp decrease in !"# is attributed to the presence of sea ice in the 260 

northern Bering Sea. Its effect on waves is captured by all levels of WW3 and reflected in the 261 

open boundary forcing of the SWAN model. 262 

 263 

Fig. 4. Average significant wave height during the hindcast period (1979–2010) for selected 264 
months at the northern boundary of SWAN (see Fig. 1a for location). 265 

2.4 Representation of the wave energy resource 266 

Integrated wave parameters represent the complete sea state and provide the means to 267 

characterize the wave climate for wave energy purposes. Following IEC-TS, the energy 268 

transport, energy content, period, and directionality of the waves can be represented by six 269 

parameters. The omnidirectional wave power  �$	%&/()� describes the flux of energy through a 270 

unit circle and describes the density of power: 271 

$ � *+, �-,���/Δ1�Δ�/�,/  (2) 
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where * is the water density, + is the acceleration of gravity, �- is the group velocity defined 272 

based on linear wave theory, ��/ is the directionally and frequency resolved variance spectrum 273 

with units of 
"2345�6-, 1 is the discrete frequency, and � is the discrete wave direction.  274 

The significant wave height provides a characteristic wave height of the sea state and is 275 

defined as: 276 

!"# � 4.004:(# (3) 

where (# is the zeroth spectral moment. Spectral moments are computed from the variance 277 

spectrum via: 278 

(� � , 1�� ;, ��/Δθ// =Δ1��  (4) 

Following linear wave theory, !"#	%() is directly proportional to the total energy of the sea 279 

state: 280 

> � 116*+�!"#�@. (5) 

The energy period (A6 	%B)) is presented as a characteristic wave period: 281 

A6 � (5C(#  (6) 

where the spectral moments are computed following equation (4). The spectral width (D#) 282 

characterizes the spread of the energy in frequency space: 283 

D# � E(5#(5@(5C@ − 1 (7) 

Monochromatic sea states, where all waves have the same period, have an D# of zero, this 284 

parameter is non-dimensional. Up to this point all parameters introduced have been agnostic of 285 
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wave directionality. The directional characteristics of the sea state can be described by the 286 

directionally resolved wave power: 287 

$
 � *+, �-,���/Δ1�Δ�/ cosJ� − �/KL�,/ 									ML � 1, cosJ� − �/K ≥ 0L � 0, cosJ� − �/K < 0 (8) 

where only the wave power crossing a vertical plane perpendicular to a direction � is accounted 288 

for. The direction of maximum directionally resolved wave power �P"Q� is the direction that 289 

maximizes $
. The directionality coefficient (R) characterizes the directional spread of wave 290 

power: 291 

R � $
STUV$  (9) 

where $
STUV%&/() is the wave power at �P"Q�. These parameters provide a comprehensive 292 

description of the sea state adequate for a reconnaissance study. 293 

2.5 Assessment parameters 294 

Several parameters are defined to assess the suitability of a location for wave energy 295 

harvesting. The Monthly Variability Index (MVI), Seasonal Variability Index (SVI), and Annual 296 

Variability Index (AVI) are device-agnostic indices that describe the temporal variability of the 297 

resource variability [3,65,66]. These parameters are defined as follows:  298 

WXY � $","Q� − $","��$  (10) 

�XY � $ ,"Q� − $ ,"��$  
(11) 

ZXY � $�,"Q� − $�,"��$  
(12) 
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where $", $ , and $� represent a monthly average, seasonal average, and yearly average, 299 

respectively. $ represents the long-term average wave power.  300 

In this study we did not assess the resource for a particular technology or device because 301 

at these early stages of development the power takeoff details are expected to change. The OHI 302 

[67] is an indicator for assessing the suitability of a location for energy extraction that is 303 

technology agnostic: 304 

[!Y � $	\�$ > 2_&/(�WXY  (13) 

where \�$ > 2_&/(� is the fraction of time the sea state exceeds 2 kW/m. A higher OHI value 305 

represents a more desirable location for wave energy harvesting. This parameter favors locations 306 

that have large and consistent power and low monthly variability. The OHI has been computed 307 

for hotspot identification in other regions (e.g., Persian Gulf [67], India [68], China [50]).  308 

3 Model validation 309 

To ensure the validity of the hindcast, we perform extensive model-data comparisons and 310 

error characterizations using the IEC-TS-recommended methodology. First, the normalized 311 

errors (̀ ) for each parameter (a), normalized for all variables except �P"Q�, are computed as 312 

follows: 313 

ec � de� −W�W� f (14) 

 314 

where W� are the measured data and e� are the predicted results. When the observations and 315 

model results do not align in time, the latter are interpolated in time to match the former. The 316 

frequency resolution of the measured spectra is not constant over time and between buoys. For a 317 
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consistent comparison, all integrated parameters are computed from 0.035 to 0.4 Hz because this 318 

range is covered by both the model and data. 319 

The quantitative metrics for model-data comparison are the mean systematic error gJ`cK 320 

and mean random errors h`J`cK, which are expressed as percentages (except for �P"Q�, which is 321 

expressed as degrees) and computed as follows: 322 

bJ`cK � 100,jkll � 100,j 1�,`cm
�nCll  

(15) 

h`J`cK � 100,jo 1� − 1,J`c − kK@m
�nCll  

(16) 

 323 

where SS represents summation of the sea-state matrix, � is the number of observations, j is the 324 

weight, and k is the mean value of parameter a. The errors are weighted based on the frequency 325 

of occurrence of the associated sea state and the mean wave power. The weights are specified by 326 

computing the probability density function of a sea state ���� based on !"# and A6, where the 327 

data are binned, and the mean power of each bin is computed. In this study, !"# and A6 were 328 

discretized every 0.5 m and 1 s, respectively. The weights are defined as the product of the mean 329 

power in each bin and the frequency of occurrence of each !"# and A6 pairs. The resulting 330 

weight matrix is normalized such that the sum is unity. Finally, only �� bins that have more than 331 

five observations were considered for the statistical analysis. 332 

Many studies perform model-data comparisons using a set of statistics different from 333 

those recommended by the IEC-TS [2,11,12,14,17,18,43,69] such as root-mean-square-error, 334 

scatter index, and linear correlation coefficient. Appendix A presents the model-data comparison 335 

using these statistics to allow for direct comparison between this study and others. 336 
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3.1 Buoy data for model validation 337 

Eighteen buoys were deployed within the SWAN domain during the hindcast period, all of 338 

them owned and maintained by the National Data Buoy Center (NDBC). The buoy network 339 

provides coverage of the model domain (Fig. 5). Station 46003 (not shown) was not considered 340 

because of its proximity to Station 46066. Frequency-dependent data are available for a 341 

significant part of the hindcast period (Table 3). The availability of directional data is limited to 342 

three buoys during the hindcast period, and one of them provided less than four months of 343 

coverage. 344 

 345 
Fig. 5. Location of the NDBC wave buoys used for model validation and the SWAN domain 346 
(shaded). Triangles represent stations for which directional data are available. Circles 347 
represent stations for which only bulk parameters are available. 348 

 349 

Table 3. Summary of wave buoys for model validation. All stations are owned and 350 
maintained by NDBC. Ranges are provided if the measurements have been discontinued. 351 
Gray-colored font indicates the data do not overlap with the hindcast period. 352 

Buoy ID Longitude Latitude Depth 
Bulk 

Parameters 
Frequency 
Spectrum 

Directional 
Spectrum 
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(m) Availability since 

46001 -147.949 56.232 4054 1979 1996 2017 

46060 -146.806 60.584 440 1995 1996 2007 

46061 -146.843 60.230 220 1995 1996 2014 

46066 -155.047 52.785 4545 2000 2000 2013 

46070 175.153 55.082 3835 2006 2006 2015 

46071 179.012 51.125 1681 2004 2004 2016 

46072 -172.058 51.656 3048 2002 2002 2016 

46073 -172.001 55.031 3052 2005 2005 2014 

46075 -160.817 53.983 2393 2004 2004 2016 

46076 -147.990 59.502 195 2005 2005 2015 

46077 -154.175 57.910 202 2005 2005 2017 

46078 -152.582 55.556 5380 2004 2004 2013 

46080 -150.042 57.947 255 2002 2002 2017 

46082 -143.372 59.681 300 2002 2002 2015 

46083 -137.997 58.300 136 2001 2001 2015 

46084 -136.101 56.600 1408 2002 2002 2016 

46105a -152.233 59.049 127 2008 – 2012 2008 – 2012 2008 – 2012 

46107 -147.992 59.925 106 2008 – 2010  2008 – 2010 2008 – 2010 
a
Buoy 46105 was only active between 3 August 2008 and 26 December 2008 during the hindcast period. 

 353 

3.2 Model-data comparison 354 

Model-data comparisons conducted in accordance with the IEC-TS recommendations are 355 

summarized in Table 4. The model errors fall within the IEC-TS Class 1 limits in most cases. At 356 

most stations, the Class 2 limits are satisfied for the mean error in !"#. One notable exception in 357 

meeting the error requirements by the IEC-TS is the random error in omnidirectional wave 358 

power, where Class 1 limits are met in only one station (46070). It is important to mention that 359 

traditional error statistics (see Appendix A) suggest model performance is comparable to or 360 

exceeds the performance of similar modeling studies [e.g. 2]. This suggests that the IEC-TS 361 

requirements are very strict. In general, poor model performance is observed at the mouth of 362 

Cook Inlet (46105), Shelikof Strait (46077), and Prince William Sound (46060, 46061). These 363 
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errors can be attributed, in part, to the wind forcing performance in these semi-enclosed areas 364 

(see Appendix A). Results in these areas are presented in the rest of this manuscript but the 365 

reader is urged to interpret the results with the model performance errors in mind. The model 366 

performance errors in these areas indicate the need for improvements in future higher-class 367 

localized resource assessments. Model performance in narrow seas and semi-enclosed basins has 368 

been shown to improve with the inclusion of high-resolution wind fields [e.g. 70,71].  369 

Table 4. Model validation for IEC-TS parameters. Bold text identifies buoys that meet the 370 
criteria for a Class 1 assessment  and are italicized if they meet the requirements for a Class 2 371 
assessment. The mean systematic error (b) and mean random errors (re) are defined in 372 
Section 3.1.  373 

 !"# $ A6 D# �P"Q� R 

Buoy b re b re b re b re B re b re 

Class 1 Maximum 10 15 25 35 10 15 - - - - - - 

Class 2 Maximum 5 10 12 25 5 10 12 25 10° 15° 12 25 

46001 2.6 14.8 17.9 42.5 7.6 8.8 -1.9 11.7 - - - - 

46060 16.0 33.2 82.7 120.5 23.2 24.6 -4.8 26.8 12.3° 40.7° 43.7 19.6 

46061 14.0 22.0 47.8 66.9 7.7 10.9 -9.7 13.1 - - - - 

46066 2.8 17.9 21.3 97.1 8.1 9.3 -0.6 11.9 - - - - 

46070 -2.8 11.4 5.6 31.2 8.2 7.1 -0.1 10.3 - - - - 

46071 2.6 15.9 18.5 48.2 7.5 7.9 2.7 11.4 - - - - 

46072 1.7 17.1 15.6 62.4 6.0 8.9 -1.2 12.2 - - - - 

46073 5.3 14.5 20.7 46.7 4.8 6.7 7.6 11.0 - - - - 

46075 3.0 15.4 16.8 42.4 5.5 8.2 -0.9 11.7 - - - - 

46076 3.4 16.3 25.1 51.3 10.6 10.0 5.2 14.2 - - - - 

46077 -15.9 25.6 -4.2 79.3 15.1 20.1 32.3 42.1 - - - - 

46078 2.0 15.9 14.6 44.6 5.6 8.5 -1.4 10.9 - - - - 

46080 -2.5 14.3 4.1 36.1 5.4 7.7 -1.7 11.5 - - - - 

46082 -6.2 14.5 -2.3 37.4 6.6 8.2 -5.1 11.0 - - - - 

46083 -2.5 14.6 9.4 44.6 8.5 9.9 -1.5 13.8 - - - - 

46084 0.3 14.5 12.8 52.2 7.7 8.9 -1.6 12.7 - - - - 

46105 -1.3 25.1 16.4 71.8 1.6 11.1 23.8 27.7 -4.2° 52.6° 20.6 20.9 

46107 28.2 38.1 97.6 181.8 6.5 10.7 11.2 22.9 -1.9 22.7 34.0 17.1 

 374 
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4 Resource characterization 375 

IEC-TS recommends developing maps of the six characterization parameters as aids for 376 

project siting and planning (Section 4.1). Aggregation of the statistics of wave hindcast results 377 

over study areas are used to describe the seasonal variability of the resource and to compare the 378 

characteristics of different regions (Section 4.2). Finally, a long-term trend analysis, as suggested 379 

by IEC-TS, is performed to examine the variability of the resource at decadal scales (Section 380 

4.3). 381 

4.1 Spatial variability of the resource 382 

To visualize the spatial variability of the resource, the 32-year average of all six wave 383 

resource parameters was computed at every node (internally at runtime in SWAN) and presented 384 

in Fig. 6. In general terms, the coastline exposed to the Pacific Ocean has larger average !"# and 385 

$ than the coastline facing the Bering Sea. In the southern Bering Sea, the sea states are milder 386 

and decrease eastwards from the western Aleutian Islands toward Bristol Bay. The energy period 387 

has a similar spatial distribution—longer period waves on the Pacific coast and shorter waves on 388 

the Bering Sea coast. 389 

The �P"Q� away from the Pacific coast responds to the majority of the energy 390 

approaching from the southwest. As waves approach the shore they turn toward the north. In the 391 

southeastern part of the Gulf of Alaska (colloquially known as the Alaska Panhandle) the waves 392 

are predominantly from the west-southwest, similar in direction and power to waves offshore of 393 

the U.S. Pacific Northwest [14] and British Columbia [42]. In the St. George and Bowers Basins 394 

and Bristol Bay, �P"Q� is predominantly from the north. This implies that a significant portion of 395 

the swell energy arriving from the Pacific Ocean is dissipated on the southern coast of the 396 

Aleutian Arc. However, some energy from the Pacific Ocean does travel into the Bering Sea. To 397 
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illustrate this, the wave spectrum is averaged at selected stations around the study area and 398 

shown in Fig. 7, where hotter colors indicate more energy. Stations 6 – 8 show that most of the 399 

most energetic sea states approach from the south-southwest corresponding to Pacific Ocean 400 

swell. However, there is transmission from waves generated in the Bering Sea into the Pacific 401 

Ocean as seen in Station 5 which shows a secondary peak (in terms of total energy) at 10 s from 402 

the North-Northeast.  403 

The directionality coefficient increases eastward and shoreward (Fig. 6f). The low 404 

directionality coefficient in the Aleutian Islands responds to the exposure of this region to 405 

multiple swell directions. The averaged spectra offshore and southward of the Aleutian Islands 406 

show energy approaching from the southeast and from the north (Fig. 7 stations 4 and 5). 407 

Seasonal maps showing the monthly and inter-annual variability of these parameters were 408 

presented in the study report [60]. 409 
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 410 

Fig. 6. Simulated 32-year averaged (a) significant wave height, (b) omnidirectional wave 411 
power, (c) energy period, (d) spectral width, (e) direction of maximum directionally resolved 412 
wave power, and (f) directionality coefficient for the southern Alaska coast. 413 

 414 

Fig. 7. Averaged wave spectra at selected locations. In the radial direction, concentric circles 415 
are drawn at 0.05, 0.10, 0.15, and 0.20 Hz. Hotter colors indicate a more energetic sea state. 416 
Color scales are normalized to emphasize distributions. 417 

Jo
urn

al 
Pre-

pro
of



26 
 

4.2 Regional analysis and aggregated results 418 

Aggregation of model results gives developers information about the general wave 419 

climate of different regions. To perform these aggregations, six regions have been delineated as 420 

shown in Fig. 8. The Aleutian Islands are exposed to two different wave climates in their 421 

northern and southern coasts. Thus, these two coasts are analyzed separately, and results are 422 

aggregated in the St George and Bowers Basin for the north facing regions and the Aleutian Arc 423 

for the south facing regions. Bristol Bay, which is mostly exposed to the Bering Sea is 424 

aggregated as a unique region. On the south side, the Alaska Peninsula is treated independently 425 

from the Aleutian Arc because the peninsula blocks waves that approach from the Bering Sea. 426 

Further to the east Kodiak and the Gulf of Alaska are treated independently and the boundaries 427 

were selected rather arbitrarily. The wave resource is evaluated using model results collected 428 

every 10 km at an isoline 20 km from shore. Note that a similar analysis could have been 429 

performed based on water depth, but the distance from the coast will vary from point to point. 430 

Thus, this analysis provides information about the general wave power arriving at a practical 431 

distance from shore. 432 

 433 

Fig. 8. Regions for wave resource aggregation. Stations 20 km from shore are outlined in 434 
blue. The wave model domain is outlined in red. 435 
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4.2.1 Statistics of resource parameters 436 

Statistics for the six IEC parameters are computed at each node along the 20 km from 437 

shore isoline (shown in Fig. 8) based on the 3-hourly output over the 32 years of data. Then the 438 

arithmetic average of the points inside each of the regions is taken. Table 5 through Table 10 439 

show the summarized statistics. Statistics for �PTUV are omitted because means and percentiles of 440 

a periodic variable, where 0° and 360° represent the same condition, are not physically 441 

meaningful. 442 

Table 5. Aggregated statistics for wave resource parameters 20 km offshore in the Gulf of 443 
Alaska. 444 

Parameter 
J	

[kW/m] 
Hm0	
[m] 

Te	
[s] 

ε0	
- 

d	
- 

Mean 31.2 2.2 9 0.37 0.84 
Std Dev 40.3 1.1 1.5 0.09 0.08 
10th percentile 5.3 1.1 7.2 0.26 0.74 
50th percentile 16.9 2 8.9 0.35 0.85 
90th percentile 73.6 3.8 11 0.5 0.92 
Maximum 707.8 9.9 17.2 0.83 0.98 
Minimum 1 0.5 4.3 0.19 0.38 
Monthly Variability 42.7 1.5 1.4 0.09 0.04 

 445 

Table 6. Aggregated statistics for wave resource parameters 20 km offshore of Kodiak. 446 

Parameter 
J	

[kW/m] 
Hm0	
[m] 

Te	
[s] 

ε0	
- 

d	
- 

Mean 20.0 1.9 7.5 0.41 0.79 
Std Dev 29.3 1.0 1.5 0.11 0.12 
10th percentile 2.8 0.9 5.7 0.28 0.60 
50th percentile 10.1 1.7 7.4 0.39 0.82 
90th percentile 46.7 3.2 9.6 0.56 0.92 
Maximum 561.9 8.6 13.9 0.91 0.97 
Minimum 0.6 0.4 4.1 0.20 0.38 
Monthly Variability 31.8 1.4 1.1 0.14 0.08 

 447 

Table 7. Aggregated statistics for wave resource parameters 20 km offshore of the Alaska 448 
Peninsula. 449 

Parameter 
J	

[kW/m] 
Hm0	
[m] 

Te	
[s] 

ε0	
- 

d	
- 
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Mean 28.2 2.2 8.0 0.40 0.77 
Std Dev 43.0 1.1 1.5 0.10 0.12 
10th percentile 4.4 1.1 6.1 0.28 0.59 
50th percentile 14.0 1.9 7.9 0.38 0.80 
90th percentile 64.9 3.7 10.0 0.54 0.90 
Maximum 825.7 10.2 14.7 0.84 0.96 
Minimum 1.0 0.5 4.4 0.20 0.36 
Monthly Variability 45.2 1.6 1.3 0.12 0.08 

 450 

Table 8. Aggregated statistics for wave resource parameters 20 km offshore of the Aleutian 451 
Arc. 452 

Parameter 
J	

[kW/m] 
Hm0	
[m] 

Te	
[s] 

ε0	
- 

d	
- 

Mean 45.4 2.8 8.6 0.34 0.75 
Std Dev 62.9 1.3 1.6 0.07 0.12 
10th percentile 7.0 1.4 6.7 0.26 0.57 
50th percentile 24.4 2.5 8.4 0.33 0.77 
90th percentile 104.3 4.6 10.6 0.44 0.89 
Maximum 1041.9 11.8 15.9 0.70 0.91 
Minimum 1.8 0.7 4.8 0.19 0.36 
Monthly Variability 79.5 2.1 2.2 0.08 0.08 

 453 

Table 9. Aggregated statistics for wave resource parameters 20 km offshore of the St. George 454 
and Bowers Basins. 455 

Parameter 
J	

[kW/m] 
Hm0	
[m] 

Te	
[s] 

ε0	
- 

d	
- 

Mean 31.7 2.4 7.6 0.35 0.75 
Std Dev 48.0 1.3 1.6 0.08 0.13 
10th percentile 3.4 1.0 5.7 0.26 0.56 
50th percentile 16.6 2.1 7.4 0.33 0.78 
90th percentile 74.1 4.0 9.7 0.45 0.90 
Maximum 770.3 10.6 14.1 0.74 0.96 
Minimum 0.9 0.5 4.1 0.20 0.37 
Monthly Variability 56.9 2.0 2.4 0.08 0.08 

 456 

Table 10. Aggregated statistics for wave resource parameters 20 km offshore of Bristol Bay. 457 

Parameter 
J	

[kW/m] 
Hm0	
[m] 

Te	
[s] 

ε0	
- 

d	
- 

Mean 11.3 1.4 6.3 0.40 0.83 
Std Dev 20.1 0.8 1.5 0.11 0.12 
10th percentile 1.1 0.6 4.5 0.28 0.64 
50th percentile 5.2 1.2 6.0 0.37 0.87 
90th percentile 26.8 2.5 8.3 0.55 0.95 
Maximum 402.9 7.7 13.8 0.93 0.98 
Minimum 0.1 0.2 2.9 0.21 0.39 
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Monthly Variability 18.2 1.0 1.5 0.09 0.08 

 458 

The omnidirectional wave power has a maximum mean value (45.4 kW/m) offshore of 459 

the Aleutian Arc and decreases eastward reaching a minimum offshore of Kodiak (20 kW/m), 460 

where the resource is 56% smaller. However, the mean $ increases offshore of the Gulf of Alaska 461 

and has a value of 31 kW/m. These values are similar in magnitude to those offshore of the U.S. 462 

Pacific Northwest [14]. The mean $ is 30% smaller in the St. George and Bowers Basin, and 463 

75% smaller in Bristol Bay, compared to the maximum mean $ in the Aleutian Arc. The high 464 

wave power in the Aleutian Arc is also accompanied by the highest monthly variability. Both the 465 

!"# and A6 show patterns similar to $, which could be expected, although not necessarily, 466 

because the latter is directly proportional to the former two variables. The most directionally 467 

uniform waves are found in the Gulf of Alaska and Bristol Bay, because these regions are not 468 

exposed to multi-directional swells like the Aleutian Arc. 469 

 Histograms of significant wave height and energy period are required by IEC-TS 62600-470 

101 to characterize the resource because many devices are tuned to respond preferentially to a  471 

range of !"# and A6 values. Regionally averaged bivariate distributions are presented in Fig. 9. 472 

To satisfy the IEC-TS requirements, the histograms must have 0.5 m !"# and 1 s A6 bins. Data 473 

are binned using the time series for all points inside the region domains. The most apparent trend 474 

is a westward shift toward shorter periods starting in the Gulf of Alaska. In addition, three 475 

distinct shapes of the distributions can be observed, one for the Pacific-facing regions, another 476 

for the St. George and Bowers Basins, and one for Bristol Bay. The St. George and Bowers 477 

Basins do not experience long swells (A6 > 14 s) at less than 5 m !"# like the Pacific-facing 478 

regions do. Finally, waves in Bristol Bay are both shorter and smaller than in the rest of the study 479 

region.  480 
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 481 
Fig. 9. Bivariate distribution of significant wave height and energy period in (a) the Gulf of 482 
Alaska; (b) Kodiak; (c) the Alaska Peninsula; (d) the Aleutian Arc; (e) St. George and 483 
Bowers Basins; and f) Bristol Bay. 484 

 485 
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4.2.2 Seasonal variability 486 

The seasonal variability of the wave resource is relevant for energy production 487 

forecasting and device tuning. The cumulative distribution functions of monthly averaged 488 

omnidirectional wave power are shown in Fig.10. All regions show seasonal variability on the 489 

order of 50 kW/m at the 50th percentile; the Aleutian Arc is the most energetic region and 490 

Bristol Bay the least. All regions have energetic late autumns and winters, and calmer summers. 491 

In Bristol Bay, the most energetic months are October–December, while for other regions 492 

November–January is the most energetic trimester. During the late winter sea ice covers a large 493 

portion of the Bering Sea, thus reducing the fetch available for wave development, and during 494 

the summer the winds are weaker over the Bering Sea. A shorter shoulder regime is observed for 495 

the Gulf of Alaska in the months of May and September. This short transition between calmer 496 

and more energetic months is similar to that observed in the Pacific Northwest [14]. 497 
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 498 

Fig.10. Spatially averaged cumulative distribution function of monthly averaged 499 
omnidirectional wave power in the six regions at 20 km from shore. 500 

To complement the cumulative distribution functions, the IEC-TS 62600-101 501 

recommends reporting the monthly variability of the resource for selected statistical parameters. 502 

The mean, 10th, 50th, and 90th percentiles of the omnidirectional wave power were computed 503 

and are shown in Fig. 11. For all regions, the mean exceeds the median (50th percentile) $, 504 

thereby showing the influence of the large events represented by the 90th percentile. The 505 

Aleutian Arc has the most energetic climate with large events averaging over 150 kW/m from 506 

November through February, as indicated in Fig. 11.  507 
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 508 
Fig. 11. Monthly averaged omnidirectional wave power computed 20 km from shore and 509 
aggregated over regions. 510 

4.3 Decadal trends 511 

Multi-decadal hindcasts allow the assessment of the uncertainty of long-term wave 512 

power. The IEC-TS recommends assessment of the variability of the wave power based on 3-, 5-, 513 

and 10-year moving averages. As an example, the ratio of the 5-year averaged omnidirectional 514 

wave power to the 32-year average is shown in Fig. 12. Kodiak and Bristol Bay are excluded 515 

from the figure because they show trends very similar to the Gulf of Alaska and St. Georges and 516 

Bowers Basins, respectively. During the second part of the 1980s, a positive anomaly reached 517 

values of over 7.5% for three consecutive years and close to 15% at its peak for the Eastern 518 

North Pacific Ocean. During that time period, the St. Georges and Bowers Basins also showed a 519 

positive anomaly, but at values less than 5%. Throughout the rest of the hindcast period the 520 
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anomalies are contained within ±10% with a couple of exceptions. It is important to note that in 521 

other areas of the northern Pacific Ocean it has been suggested that lower frequency oscillations, 522 

with periods longer than our hindcast period, might affect the wave power [72], thus Fig. 12 523 

might only show parts of a longer cycle.  524 

 525 

Fig. 12. Percent deviation from the 32-year averaged wave power using a 5-year moving 526 
average. 527 

The El Niño Southern Oscillation (ENSO) has been linked to anomalies in the 528 

oceanographic conditions in regions of Alaska. For instance, it has been found that during ENSO 529 

years there are increased sea levels and anomalous circulation patterns in the Gulf of Alaska 530 

[73,74]. ENSO has also been linked to the variability in the sea ice cover of the Bering Sea [75], 531 

which would have an effect on the fetch for wave growth. This drives the investigation of the 532 

correlation between anomalous wave power and ENSO in the region. The Oceanic Niño Index 533 

(ONI) is a NOAA-defined indicator that correlates with El Niño and La Niña events. The ONI is 534 

defined as the 3-month running average of sea surface temperature anomalies in the region 535 

bounded by 5°S – 5°N and 120°W – 170°W. The ONI is shown in Fig. 13a-b with the yearly $ 536 

anomaly in the six different analysis regions. The yearly $ anomaly is computed by subtracting 537 
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the yearly averaged $ from the 32-year averaged $. Correspondence between the signals is not 538 

immediately clear when looking at the superimposed graphs. To investigate further, the 3-month 539 

running averaged $ anomaly is evaluated for correlation with ONI. For this analysis, the monthly 540 

averaged $ for each month is subtracted and normalized by the 32-year averaged $ for that same 541 

month, then a three-month running average, to follow the way the ONI is computed, is 542 

performed. Cross correlations for each region are shown in Fig. 13c-h. The signals in the Gulf of 543 

Alaska and Kodiak show statistically significant correlations with a 95% confidence level at 0.22 544 

and 0.24, respectively, with a 3-month time lag. This follows the trend of lower correlations 545 

between ONI and wave power anomaly in the poleward direction for western North America 546 

(refer to Yang et al. [14] for a similar analysis of the U.S. West Coast). No statistically 547 

significant correlations were found in the other analysis regions. Similar comparisons (not 548 

shown) were performed using the Arctic Oscillation, for which no statistically significant 549 

correlations were found, and with the Pacific-North America (PNA) index, which had similar 550 

results to ONI with a 1-month time lag. Using results from a global hindcast, Reguero et al. [76] 551 

found small correlations of wave power with the PNA index offshore of southern Alaska and did 552 

not find correlations with 11 other indices. ONI was not analyzed in that study. 553 Jo
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 554 

Fig. 13. (a-b) Yearly omnidirectional wave power anomaly for the six analysis regions (three 555 
per panel) and the ONI value (https://www.cpc.ncep.noaa.gov/data/indices/oni.ascii.txt) 556 
shown in gray with the scale on the right vertical axis. (c-h) Time lagged cross-correlations 557 
between ONI and monthly wave power anomaly. The time series in (a) are color coded 558 
relative to panels c, d, and e. The second row is equally color coded. Confidence levels at 559 
95% are shown as dashed lines based on a Fisher's distribution. 560 

5 Nearshore wave resource 561 

The analysis presented in Section 4 focused on the incoming wave energy of Alaska. 562 

However, shallow water features and exposure to the ocean based on coastline orientation also 563 

play a significant role in the distribution of the resource [e.g. 14]. The nearshore resource 564 

evaluation is based on output collected at virtual stations 5 km apart at 1 km from shore along all 565 

the coastlines in the entire model domain.  566 

The performance of WECs is significantly affected by the temporal variability of the 567 

resource [77], so it is desirable to characterize the variability of the resource before deploying the 568 

device. The MVI, SVI, and AVI serve to describe the wave resource variability at different 569 

scales. Maps of these parameters computed at the 3570 analysis locations 1 km from shore are 570 
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shown in Fig. 14a-c. Hotter (cooler) colors indicate higher (lower) temporal variability. In 571 

general, the variability at the monthly scale is larger than that at the seasonal and yearly scales. 572 

The MVI value is highest in Prince William Sound and on the Bering Sea coast from the middle 573 

of the Alaska Peninsula to the west. The Pacific coast, which has the largest average wave power 574 

(see Fig. 6a), also has the lowest MVI value on the order of 1.5. The MVI value is generally 575 

lower in Bristol Bay, which is also a region of low wave power. In general, the SVI follows a 576 

similar pattern to the MVI. 577 

Suitable locations for wave energy extraction require available power in addition to low 578 

variability of the wave resource. The OHI can be used to identify locations suitable for energy 579 

development based on average available power, the probability of occurrence of extractable 580 

power (at least 2 kW/m), and low monthly variability. Fig. 14d shows OHI computed for the 581 

nearshore stations. The eastern half of the Gulf of Alaska (locations east of ~145°W) has many 582 

locations with OHI values greater than 15 kW/m. Other regions with high OHI values are the 583 

Pacific Coast of the Aleutian Archipelago, a few stations around Kodiak, and the Alaska 584 

Peninsula. However, on the northern shore of the Aleutian Islands and western Alaska Peninsula 585 

there are many places where the OHI values exceed 5 kW/m, which is still significant in a global 586 

context. For reference, the OHI value at nearshore locations around China ranged from 1–4.5 587 

[50] and from 1–5 in India [68]. 588 
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 589 

Fig. 14. (a) Monthly Variability Index, (b) Seasonal Variability Index, (c) Annual Variability 590 
Index, and (d) Optimum Hotspot Identifier at points 1 km from shore. 591 
 592 

The Eastern Gulf of Alaska and the Aleutian Arc have the largest number of nearshore 593 

hotspots suitable for wave energy extraction. Of the 3570 analysis points, 991 have an OHI value 594 

greater than 5 kW/m representing 28% of the analyzed points. Because we performed the 595 

evaluation by comparing points equidistant from the coast, the depth variability of these hotspots 596 

has not been quantified. For that purpose, the depth distribution of the locations with OHI values 597 
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greater than 5 kW/m is shown in Fig. 15. There is large variability in the water depth—most is 598 

distributed between 10 and 60 m. This large diversity in water depth so close to shore positions 599 

Alaska as a suitable place for testing and deploying different WEC technologies.  600 

 601 

Fig. 15. Depth distribution of nearshore hotspots 1 km from shore and with Optimum 602 
Hotspot Identifier values > 5 kW/m. 603 

In addition to the OHI, wave power roses provide information about the directional 604 

distribution of the resource at those locations and are shown in Fig. 16. This information is 605 

relevant for directionally sensitive devices for which device performance is affected by the 606 

alignment of the device with the incident wave directions. For instance, locations on the east and 607 

west coasts of the Aleutian Islands that have high OHI values are subject to a more directionally 608 

spread wave resource. In some cases, the stronger resource can arrive from both the Pacific 609 

Ocean and the Bering Sea (see hotter colors). In the eastern Gulf of Alaska, the directionality of 610 

the resource is reduced, and the maximum wave power arrives at directions within 67.5°. 611 
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 612 

Fig. 16. Directionally resolved wave power roses at selected points located 1 km from shore 613 
and that have OHI values greater than 5 kW/m. Directions are aggregated over 22.5° bins. 614 

6 Conclusions 615 

This study presents a characterization of the wave energy resource in southern Alaska 616 

covering the EEZ with emphasis on the region 20 km or less from the shore. A high-resolution, 617 

unstructured-grid SWAN was developed and validated against in situ measurements from 18 618 

NDBC buoys. A 32-year hindcast covering the period from 1979 to 2010 was generated. The six 619 

IEC-TS parameters for wave resource assessment were stored with a three-hourly interval over 620 

the entire computational domain. Data from this hindcast can be downloaded free of charge from 621 

the Amazon Web Services Open Data (https://registry.opendata.aws/wpto-pds-us-wave/), a 622 

database maintained by the U.S. Department of Energy’s National Renewable Energy 623 

Laboratory. 624 

A wave resource characterization based on aggregated statistics derived using the IEC-TS 625 

62600-101 methodology showed that the wave resource is high and exhibits significant monthly 626 

variability. The regions of Alaska exposed to the North Pacific Ocean were found to have the 627 

largest wave resource. The Aleutian Islands have the maximum resource with an annual average 628 

power of 46.5 kW/m on their southern coast. The directionality of the resource is highly 629 
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dependent on location. The eastern Gulf of Alaska has a lower directional distribution of the 630 

resource because only swells from the west and south arrive at that coast. In contrast, locations 631 

on the eastern and western coasts of the Aleutian Islands experience waves from many locations, 632 

including waves propagating from the Bering Sea. Wave power anomalies in the Gulf of Alaska 633 

and Kodiak were found to correlate with the ONI. 634 

A nearshore wave resource characterization was performed at virtual stations located 1 635 

km from shore. The monthly variability of the resource was found to be dependent on location. 636 

When aggregated, 80% of the nearshore stations have an MVI value of between 1.2 and 2.0. The 637 

OHI value was computed to identify suitable nearshore locations for wave energy extraction. 638 

Close to 28% of the evaluated nearshore (1 km from shore) stations had OHI values greater than 639 

5 kW/m at water depths that ranged from a few meters to over 100 m. The nearshore resource is 640 

found to be suitable for extraction at many nearshore locations around the southern coast of 641 

Alaska. 642 

  643 
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Appendix A: Additional error statistics 653 

Commonly used error metrics used to evaluate the model performance for non-directional 654 

parameters are the root-mean-square-error (RMSE), mean percentage error (e>), scatter index 655 

(�Y), bias (g), and the linear correlation coefficient (R): 656 

vW�> � E∑ �e� −W��m�nC @�  (A1) 

e> � 100� , e� −W�W�
m
�nC  

(A2) 

�Y � vW�>W  
(A3) 

gxyB � 1�, e� −W�m
�nC  

(A4) 

R � ∑ Je� − eKJW� −WKm�nC{|∑ Je� − eK@m�nC } |∑ JW� −WK@m�nC }	 
(A5) 

 657 

where � is the number of measurements, W� is the measured data, e� is the predicted results, and 658 

overlines represent time averages. The directional performance is evaluated following the 659 

Hanson et al. [78] method by computing the angular bias (g
) [79] and the circular correlation 660 

(v
): 661 

gxyB
 � tan5C ∑ sin|e� −W�|m�nC∑ cos|e� −W�|m�nC  
(A6) 

R
 � ∑ sinJe� − eK sinJW� −WKm�nC{�∑ �sinJe� − eK�@m�nC � �∑ �sinJW� −WK�@m�nC �	 
(A7) 

 662 

The error statistics at the buoy stations (Fig. 5) are shown in Table A1, Table A2, and Table 663 
A3. 664 

 665 

Table A1. Error statistics for significant wave height and omnidirectional wave power. 666 
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  H"# (m) J (kW/m) 

Buoy N RMSE PE (%) SI bias R RMSE PE (%) SI bias R 

46001 115,945 0.46 5.2 0.17 0.03 0.95 24.77 23.2 0.57 1.42 0.91 

46060 131,181 0.27 7.3 0.38 -0.01 0.82 2.91 58.9 1.26 0.43 0.76 

46061 171,964 0.43 15.5 0.27 0.14 0.92 13.93 52.5 0.95 2.75 0.86 

46066 71,973 0.49 7.7 0.17 0.07 0.95 29.96 35.6 0.59 2.29 0.91 

46070 19,868 0.44 1.0 0.17 -0.11 0.96 22.07 19.6 0.57 -1.92 0.94 

46071 33,179 0.54 8.9 0.19 0.06 0.95 36.78 36.2 0.75 2.07 0.90 

46072 50,650 0.57 5.8 0.19 0.01 0.93 36.64 26.2 0.67 -0.67 0.88 

46073 41,176 0.42 10.9 0.18 0.11 0.96 20.81 33.9 0.65 2.38 0.92 

46075 76,552 0.49 7.5 0.18 0.05 0.94 27.87 29.2 0.66 0.86 0.90 

46076 31,177 0.41 11.1 0.20 0.05 0.95 17.38 54.1 0.74 1.12 0.91 

46077 36,404 0.57 -22.5 0.48 -0.36 0.79 6.46 -11.7 1.15 -2.67 0.73 

46078 38,104 0.49 4.9 0.18 0.01 0.94 24.13 21.9 0.56 0.11 0.90 

46080 41,450 0.47 2.1 0.19 -0.09 0.94 18.42 15.6 0.57 -2.91 0.91 

46082 43,444 0.55 -2.4 0.23 -0.20 0.94 28.40 6.3 0.79 -5.74 0.89 

46083 58,820 0.47 4.1 0.20 -0.08 0.95 20.86 31.3 0.64 -2.15 0.90 

46084 54,323 0.43 5.0 0.17 -0.01 0.96 23.11 29.1 0.57 -0.06 0.92 

46105 3,411 0.72 -1.3 0.44 -0.24 0.81 17.75 25.4 1.24 -5.04 0.69 

46107 16,321 0.35 33.2 0.36 0.21 0.88 5.62 19.7 1.033 2.32 0.85 

 667 

 668 
Table A2. Error statistics for energy period and spectral width. 669 

  A6  (s) ϵ# 

Buoy N RMSE PE (%) SI bias R RMSE PE (%) SI bias R 

46001 115,945 1.02 7.2 0.12 0.53 0.85 0.06 -0.8 0.16 -0.01 0.76 

46060 131,181 2.25 27.6 0.34 1.40 0.57 0.16 5.4 0.40 -0.01 0.17 

46061 171,964 1.22 8.1 0.15 0.50 0.72 0.08 -4.8 0.22 -0.03 0.64 

46066 71,973 1.10 9.7 0.13 0.70 0.86 0.06 2.3 0.17 0.00 0.67 

46070 19,868 1.02 11.5 0.14 0.78 0.90 0.06 7.0 0.19 0.02 0.57 

46071 33,179 0.98 8.2 0.12 0.59 0.88 0.06 6.4 0.18 0.02 0.67 

46072 50,650 1.00 6.0 0.12 0.44 0.84 0.05 0.2 0.17 0.00 0.65 

46073 41,176 0.70 4.2 0.09 0.27 0.90 0.06 10.8 0.19 0.03 0.78 

46075 76,552 0.93 6.6 0.11 0.48 0.88 0.06 2.3 0.17 0.00 0.71 

46076 31,177 1.37 14.2 0.18 0.89 0.76 0.09 16.4 0.29 0.04 0.49 

46077 36,404 1.81 22.3 0.33 0.87 0.43 0.20 59.5 0.67 0.13 -0.12 

46078 38,104 0.91 6.1 0.11 0.43 0.86 0.05 0.3 0.15 0.00 0.77 

46080 41,450 0.90 5.9 0.11 0.39 0.82 0.06 1.8 0.17 0.00 0.75 

46082 43,444 1.01 7.2 0.12 0.51 0.82 0.06 -3.6 0.17 -0.02 0.77 

46083 58,820 1.31 12.3 0.16 0.86 0.81 0.08 3.2 0.22 0.00 0.60 

46084 54,323 1.24 11.1 0.15 0.80 0.84 0.07 3.6 0.19 0.01 0.68 

46105 3,411 1.34 5.8 0.21 0.21 0.57 0.14 33.2 0.45 0.07 0.26 

46107 16,321 1.27 5.7 0.16 0.37 0.64 0.10 17.2 0.32 0.04 0.51 

 670 
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Table A3. Error statistics for direction of maximum directionally resolved wave power and 671 
directionality coefficient. 672 

 �P"Q� (deg) R 

Buoy N biasϴ Rϴ RMSE PE (%) SI bias R 

46060 21,878 25.69 0.02 0.32 45.2 0.49 0.27 0.03 

46105 3,411 30.17 0.51 0.21 22.2 0.32 0.12 0.05 

46107 16,321 15.50 0.45 0.26 39.2 0.40 0.24 0.41 

 673 

Model-data comparisons between CFSR and the wave buoys are shown in Table A4. The 674 

anemometers at the buoys are located between 3.8 and 5 m above sea level. The wind speed at 10 675 

m is estimated following the wind profile power law with power 1/7, typically used for stable 676 

atmospheric conditions. 677 

Table A4. CFSR model performance at ocean buoys from 2005 to 2010. 678 

 Wind Speed (m/s) Wind Direction (deg) 

Buoy N RMSE PE (%) SI bias R biasϴ Rϴ 

46001 36,553 1.5 13.1 0.18 -0.10 0.93 11.5 0.94 

46060 46,737 3.4 22.4 0.58 -1.35 0.62 19.7 0.44 

46061 68,171 3.0 11.9 0.41 -1.43 0.83 14.9 0.59 

46066 28,592 1.4 1.1 0.16 -0.47 0.95 9.2 0.96 

46070 19,372 1.6 5.8 0.17 -0.44 0.94 10.1 0.93 

46071 29,773 1.7 13.4 0.20 0.27 0.93 12.5 0.93 

46072 16,855 1.7 11.9 0.19 -0.35 0.93 12.9 0.95 

46073 44,342 1.9 -4.2 0.19 -1.04 0.94 10.5 0.94 

46075 38,415 1.8 16.2 0.19 -0.31 0.92 11.0 0.94 

46076 32,702 2.1 18.1 0.30 -0.38 0.88 18.0 0.84 

46077 29,901 3.8 8.3 0.48 -2.31 0.74 29.1 0.76 

46078 34,423 2.0 29.7 0.23 -0.07 0.88 20.1 0.89 

46080 20,637 2.7 82.1 0.34 0.06 0.81 16.5 0.89 

46082 37,352 2.5 11.8 0.32 -1.22 0.91 17.6 0.81 

46083 39,401 2.4 12.9 0.30 -0.94 0.89 17.5 0.80 

46084 35,647 2.9 84.0 0.37 -0.33 0.79 16.9 0.82 

 679 
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1 
 

 

Highlights: 

• A high-resolution wave model covering the southern Alaska coast was developed and 

validated.  

• The first systemic wave resource characterization of southern Alaska following IEC-TS 

62600-101 

• The southern coast of the Aleutian Archipelago has the highest annual wave power at 45.4 

kW/m  

• Southeast Alaska and the Aleutian Archipelago had the most nearshore hotspots with 

Optimum Hotspot Identifier > 5 kW/m 

Key words: wave energy resource, wave climate, Alaska Coast, SWAN, WW3  
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