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Oceania comprises many Small Island Developing States (SIDS), the majority of which are founded on volcanic islands. Small islands are generally vulnerable to the effects of climate change. However, a high number of islands and different coastal morphology make it challenging to accurately estimate climate change impact on this region. Nevertheless, quantifying hazards and thus assessing vulnerability is crucial for policymaking and adaptation efforts regarding SIDS. Meanwhile, Viti Levu is the principal island of Fiji. Therefore, climate change projection in Viti Levu helps estimate how volcanic islands in Oceania will be affected under future climate. This study projects the compound impact of storm surge by tropical cyclone (TC) and SLR on Viti Levu under current and future climate conditions. The primary goal of this study is to estimate the impact of extreme 50- and 100-years return storms on coastal areas and populations. This study also assesses the impact of the bias correction of TC intensity for impact assessment. Even though limited to one island, the results could facilitate the application on other volcanic islands, primarily in Melanesia. Even though Viti Levu is a high island, tropical cyclones can sustain extensive economic damage and result in high numbers of the temporarily displaced population in some low-lying coastal locations. The results show that bias can be significant when comparing observed and estimated datasets, particularly for less intense and future extreme events.
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INTRODUCTION
Climate change is a phenomenon, which brings detrimental implications on multiple levels. The United Nations Framework Convention on Climate Change (UNFCCC) Sixth Assessment Report (AR5) published by the IPCC (Intergovernmental Panel on Climate Change), based on 9,200 peer-reviewed studies and a total of 54,677 expert and government review comments, confirms unequivocal evidence of the human influence on the rapid climatic changes (IPCC, 2014). One of the climate change examples is the acceleration of the sea level rise (SLR), whose effects are aggravated by storm surges resulting in compounding effects. The South Pacific Basin is among the major regions where tropical cyclones (TCs) strike. TCs are the most common disasters in Oceania, accounting for 76% of the extreme events (Bettencourt et al., 2006). At the same time, this tendency also exhibits wide geographic variability inside the South Pacific region (Kostaschuk et al., 2001). The IPCC Fifth Assessment Report (AR5) mentioned that small SIDS and other small islands face dangers such as “risk of death, injury, ill-health, or disrupted livelihoods” because of “storm surges, coastal flooding, and sea level rise” (IPCC, 2014).
Generally, all South Pacific and many North Pacific islands are grouped as Oceania. Oceania is a region located in between Asia and Antarctica. It consists of Micronesia, Polynesia, Melanesia, and Australasia and has 41 million people living in the 8,525,989 km2 territory. Apart from Australia, Papua New Guinea, and New Zealand, the region consists of islands (Pacific Islands, or Insular Oceania), which are the most highly impacted by climate change. A total of 1779 islands are located in the Pacific Basin, according to the calculations by Nunn et al. (2016). Out of these, 39% are volcanic islands, followed by 36% of reef islands. There are many islands of volcanic origin due to a significant number of active volcanoes, usually submarine. Volcanic islands are composed of igneous rocks. Out of these, most volcanic islands (31%) rise to a maximum elevation of >30 m above MSL, in contrast to low volcanic islands (8%), whose maximum height is below 30 m (Nunn et al., 2016). As a region comprised of numerous small islands, Oceania is susceptible to the effects of climate change.
TCs are strongly coupled systems, which intensify by extracting ocean heat energy (Holland, 1997), resulting in powerful upwelling and asymmetric mixing, which in turn cools sea surface temperature (SST) down under the eye and eyewall (Price, 1981). Meanwhile, the cyclogenesis and frequency of TCs depend on SST, vertical wind shear, mid-tropospheric relative humidity, the vertical lapse rate of the atmosphere, and the presence of a centre of low-level cyclonic vorticity (Walsh and Pittock, 1998). When combined, SLR and storm surge significantly impact extreme inundation (Little et al., 2015). In addition, Kostashchuk et al. (2001) emphasise that even though the cause of most floods is tropical rainstorms, the floods caused by TC are more prominent, most notably during the El Niño. One of the adverse effects of SLR and storm surges is coastal erosion. The GCM projections of the extreme wave climate estimated that the future change of extreme wave climate due to TC intensity would be more influential on coastal morphology than SLR at the middle latitudes (Mori et al., 2016). In addition, the effect becomes even more potent as the water depth becomes deeper (Mori et al., 2016). Even though the activity of TC is generally estimated to be reduced in many locations of the Southern Hemisphere, the warmer climate is capable of generating stronger TCs and shifting their tracks eastwards. It will cause changes in the summer extreme wave climate in West Northern Pacific (Mori, 2012).
Some intense TCs have been disastrous to volcanic islands in Oceania. Cyclone Winston (Category 5) made landfall on Fiji on 20 February 2016, and caused damage and loss equivalent to 20% of the country’s GDP and affected 62% of the population, predominantly in the western Viti Levu, killing 19 people on this island (Mansur et al., 2017). The affected population number in Viti Levu was 398,000 people, out of which 37,000 were displaced. In addition to the extreme wind speeds and heavy rainfall, storm surges inundated areas almost 200 m inland in some cases, and coastal waves exceeded 10 m in height. This TC brought wind speeds averaging 65 m/s and gusts reaching 85 m/s when it made landfall on the island (Mansur et al., 2017). Furthermore, the most recent severe TC, Cyclone Harold (Category 4), Cyclone Yasa (Category 5), and Cyclone Ana (Category 3), hit Fiji in april 2020 December 2020, and February 2021, respectively. Cyclone Harold exceeded 40 m/s of 10-min sustained winds near Viti Levu. The storm damaged 2,740 houses (62% in Viti Levu) and displaced over 1,700–6,000 people throughout Fiji, including 636 Viti Levu residents. In addition, it caused damage equivalent to 0.4% of the country’s GDP (United Nations Office for the Coordination for the Humanitarian Affairs, 2020a). Meanwhile, Cyclone Yasa generated at least 46 m/s of 10-min sustained winds in Viti Levu. The storm potentially affected over 70,000 and displaced 23,000 people, predominantly people living in rural areas in Vanua Levu (United Nations Office for the Coordination for the Humanitarian Affairs, 2020b; Internal Displacement Monitoring Center, 2021). The economic consequences have not yet been evaluated. United Nations Office for the Coordination for the Humanitarian Affairs estimates 10,000 displaced people due to Cyclone Ana (over 33 m/s of sustained wind speed). In addition to the islands of Fiji, New Caledonia and parts of Vanuatu are also frequently hit by intensive TC. Cyclone Niran, the most recent strong TC to make landfall on New Caledonia, struck the island in March 2021 and displaced at least 400 inhabitants, or 0.14% of the total population (European Commission’s Directorate-General for European Civil Protection and Humanitarian Aid Operations, 2021). Meanwhile, the effects of Cyclone Pam on Vanuatu have even surpassed the ones by Cyclone Winston in Fiji. The cyclone has affected almost 89% of the population; 16 deaths were recorded, 70–80% of key agricultural sectors sustained damage (International Federation of Red Cross And Red Crescent Societies, 2015). Muis et al. (2016), in their article about storm surges and extreme sea levels, note that 1.3% of the global population is at risk of being exposed to devastating floods due to extreme sea levels. Even though numerous studies identified extreme events as principal factors in causing damage to the coastal morphology, the events usually do not result in the permanent displacement of the population.
Meanwhile, the bias correction has been ranked important for climate projections. The bias correction of a numerical model can be applied using either parametric or non-parametric methods (Watanabe et al., 2020). Lemos et al. (2020) studied the different bias correction methods that impact wave climate projections, with the corrections based on the present climate biases. It found out that the bias correction increased the future projection values by one-fifth in some regions (Lemos et al., 2020). Meanwhile, a study by Watanabe et al. (2020) concluded that non-parametric methods, namely the moving window technique, are appropriate for super ensemble experiments.
Some studies about climate change impact on Fiji already exist. In their 2014 study, McInnes et al. projected storm surge heights during extreme events under the current climate conditions. However, they either focus on a specific extreme event (Sabūnas et al., 2020) or do not discuss the bias correction impact on the results (McInnes et al., 2014; Sabūnas et al., 2021). Meanwhile, bias correction for storm surge numerical simulation is needed considering coastal features and spatial resolution of the mesh size. (Yang et al., 2017).
In this study, numerical model simulations based on shallow water equations (SWE) are implemented for the storms of 50- and 100- year return period magnitude for different climate conditions (current climate, future climate with +2K warming, and future climate with +4K warming). In addition, this study analyses how bias correction affects the results. Finally, social consequences and impact on volcanic islands in similar longitudes are briefly discussed.
METHODOLOGY
This section describes the methods used in this study for projecting compounding effects-induced inundation and its impact on the population and bias correction in those estimates.
The 2.1 subparagraph briefly describes a numerical model; the 2.2 subparagraph lists datasets used for topography, bathymetry, population, and climate data, both estimated and observed. Meanwhile, the 2.3 subparagraph explains the mechanism of extreme value analysis and bias correction.
A Numerical Model for Storm Surge Inundation
We used a numerical model for simulating a storm surge under steady wind speed and wind direction, also considering SLR future projections. The numerical model was validated using the analytical solution for ideal bathymetry. The numerical storm surge modelling was based on the linear shallow water equations (SWE) with spherical coordinates, following the same methodology as in an earlier study by Sabūnas et al. (2020). We computed a linear SWE in a spherical coordinate, using surface elevation (η), water flux per unit length in the latitudinal direction (Q), and water flux per unit length in the longitudinal direction (P), defined by the following equations:
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where t is the time, h the water depth, [image: image] the atmospheric pressure, R the Earth radius, f the Coriolis force, ρw the water density (997 kg/m3), and g the gravitational acceleration (9.8 m/s2). The terms τs and τb are the surface stress and bottom stress along with the directions of the θ and ϕ coordinates, respectively. The origin of the free surface η is located at the mean water level and toward the upward level.
The model uses a non-reflected open boundary condition based on the Flather type equation (Flather and Tippett, 1984) for horizontal and vertical fluxes. The model uses a standard inundation scheme from coast to inland. See detailed explanation of the model in the study by Sabūnas et al. (2020). In addition, the model also includes SLR by assuming bathymetry subsidence. We used the global mean sea level rise (GMSL) values rather than regional fluctuations, as the fluctuations around Fiji are close to the GMSL and the resolution of the available SLR estimates for the island is too coarse (Oppenheimer et al., 2019).
Data for the Selected Locations
The study focuses on Viti Levu, an elevated volcanic island located in Fiji, Oceania. Viti Levu is a volcanic island, and 86.9% of its territory is located above 20 m above sea level, only 3.8% lies below 10 m, and 2.9% lies below 2 m. Its neighbouring Vanua Levu island has similar topography features, with 7% of the territory below 10 m and reef protection for many parts of the island. As one can see, most islands belonging to Fiji are significantly elevated (Figure 1A). However, their coastal areas, especially in Viti Levu, are generally low-lying and vulnerable (Figure 1B).
[image: Figure 1]FIGURE 1 | Bathymetry and topography data of Fiji with Viti Levu Island selected (A) and its bathymetry and topography (B) and population density map (C) with two most populated areas (unit (C) number of people/km2) (A, B) meters above sea level).
Two low-lying and populated locations are selected for a more thorough analysis to understand the climate change impact on coastal areas with different coastal settings better:
#1. Lautoka area, located 17.62° S, 177.4° E. The number of inhabitants: 59,969.
#2. Suva area, located 18.12° S, 178.5° E. The number of inhabitants: 151,993.
Lautoka represents the northwestern coast of the island, which harbours the second and the third biggest cities in Fiji. It is also an area with a generally shallow water depth near the coast (Figure 1B). In contrast, the Suva area represents the southern coast, surrounded by a deeper ocean. A more shallow ocean creates more suitable conditions for storm surges.
Topography and Social Data
This study used real existing data for topography (landmass data) and bathymetry (ocean data) to project climate change impact on Viti Levu. As for the social input, we used population density data for the Viti Levu estimates. This study used SRTM for topography data input. The SRTM digital elevation model (DEM) provides 3 arcseconds topography data (Jarvis et al., 2008). Meanwhile, GEBCO provided ocean bathymetry data. It is based on a global bathymetric grid with 30 arc-seconds resolution (Becker et al., 2009). In addition, the Gridded Population of the World, Version 4 (GPWv4), created by NASA Socioeconomic Data and Applications Center (SEDAC), provided population density data. It is a raster data collection with an output resolution of 30 arcsec. The dataset includes the population data from the national population and housing censuses conducted between 2005 and 2014. (CIESIN, 2018). All data were interpolated into the same grid size (3 arcseconds) and used in the numerical model. The analysis is based on the records of TCs passing within a 3° radius from the central coordinate of the Viti Levu Island (17.8°S, 178°E). In addition, this study classifies TCs into three groups, depending on their track proximity to the Viti Levu Island: within a 1° radius, within a 2° radius, and within a 3° radius.
The recorded TC data was acquired from the International Best Track Archive for Climate Stewardship (IBTrACS) dataset. The IBTrACS dataset, version v04r00, released by the US National Oceanic and Atmospheric Administration (NOAA) in 2018, is used as source data for the historical TC track information. This study uses information acquired after the introduction of satellite data and updated every 6 h (i.e., starting from the 1978 season) to avoid imprecise results (Tennant, 2004). Furthermore, the TC seasonal convention commonly used in the Pacific region is used, i.e., the TC begins in November of the previous calendar year (Diamond et al., 2013). Data originates from the two datasets, New Zealand MetService and United States Agency information.
Tropical Cyclone Warning Center (TCWC) in Wellington (New Zealand MetService) data is used for the data input between 1978 and 2005. This data contains almost identical data from The WMO Regional Specialised Meteorological Center at Nadi from 1997. Meanwhile, United States Agency information comprised of National Hurricane Center (NHC), Joint Typhoon Warning Center (JTWC), Central Pacific Hurricane Center (CPHC), as well as WMO Regional Specialised Meteorological Center at Miami and Honolulu are used for the newest TCs data (2005–2021) and some TCs for 1988–1993 when the first source does not provide the data. Additionally, the Neumann Southern Hemisphere Dataset, produced by Charles J. Neumann (1925–2017), a consolidated dataset for the Southern Hemisphere, was used when the former two datasets contained no information about storm intensity (Neumann, 1999).
This study assumes that the wind direction corresponds to the direction of the approaching TC in a similar way as Mori et al. (2021) Therefore, the directions from which TCs tend to approach the island are analysed to understand TC features near Viti Levu. For this, an average wind direction (from which the wind blows) was estimated using the average approaching direction of a TC during a 48-h period (6-h intervals) prior to landfall, which was defined to occur when the TC location a was closest to a central point b in Viti Levu Island (17.8°S, 178°E). During each time interval i, the approaching TC direction [image: image] was calculated before converting using Eq. 4.
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where ai = (λi, φi) is the track location in latitude and longitude and a1 = (λ1, φ1) refers to the closest point. Similarly, the average direction [image: image] for the 48 h period prior to landfall (i.e., time at point [image: image]) was calculated by first averaging the directional components of [image: image], as explained in Eq. 5.
[image: image]
Since the IBTrACS dataset usually has data for a TC track every 6 h, n is set to 8. However, if a TC was generated close to Fiji, n may lie between 2 and 7, corresponding to 12 and 42 h before the TC’s approach to the island. TCs formed 6 h or less before landfall on Viti Levu are excluded from the angle analysis, assuming they would not result in floods.
To further simplify the analysis, θ is limited to just twelve main directions [image: image] (i.e., Δθ = 30°), with the condition that [image: image]. This condition is essential when calculating a weighted average based on wind angle probability for future climate, as explained in Sea Level Rise Data.
Sea Level Rise Data
SLR and sea level pressure (SLP) were integrated into the model statistically and linearly. SLR values were inputted from the IPCC Special Report on the Ocean and Cryosphere in a Changing Climate (SROCC, 2019). This study projected two scenarios corresponding to mild and extreme radiative forcing values (IPCC Assessment Report 5 (AR5) RCP2.6 and RCP8.5) (IPCC, 2014). IPCC, 2021 AR5 explains the relationship between the SLR and RCPs. According to the SROCC, the projected global mean sea level fluctuates between 0.29–0.59 m and 0.61–1.1 m, depending on the future radiative forcing scenario compared to 1986–2005 (Oppenheimer et al., 2019). This study uses 43 and 84 cm for future scenarios, corresponding to the RCP2.6 and RCP8.5 average values. We chose the RCP2.6 scenario to represent future climate under the scenario, which is the most compatible with the Paris Agreement’s goal. In addition, we selected the RCP8.5 scenario as the opposite scenario, which is likely under the business-as-usual trend.
Dataset Prior to Bias Correction
For the impact assessment of inundation by storm surge and SLR, this study considered both historical records and historical and future estimates. Atmospheric analysis such as Climate Forecast System Reanalysis (CFSR) or European Center for Medium-Range Weather Forecasts Re-Analysis (ERA) product can be used for the extreme TCs estimation. However, the available reanalysis data is too short and not sufficiently accurate for TC events and related storm surges (e.g., Mori and Takemi, 2016). In contrast, synthetic TC models used to increase the number of TC events have estimated extreme TCs and storm surges (e.g., McInnes et al., 2014; Nakajo et al., 2014). These statistical approaches are straightforward approaches used to estimate the intensity and probability of extreme storm surges. However, the computational cost is relatively high due to an enormous number of computations (e.g., 10,000 years simulation). Moreover, the estimation of TCs on small islands can be regarded as a random process. Thus, constant strong winds blowing over the island were assumed to estimate the maximum storm surge heights for a given return period. This approach can estimate the hot spot of the vulnerable areas of the island; however, it neglects the inhomogeneous distribution of the wind fields of TC. Therefore as a first step, we used wind speeds and central pressure values from the d4PDF and d2PDF mega ensemble projections.
d4PDF and d2PDF are sets of large-scale ensemble climate runs, covering 60 years for historical (100 members) and warmer future climate conditions (50–90 members, Mizuta et al., 2017; Fujita et al., 2019). Therefore, the projections for the historical climate and +4K, +2K future climate integrated 6,000, 5,400, and 3,240 years, in the historical climate, d4PDF and d2PD, respectively. Future climate projections assume a constant +2K and +4K global mean atmospheric temperature rise from the pre-industrial period and roughly correspond to conditions at the end of the 21st century under the RCP2.6 and RCP8.5 scenarios. An extremely large climate dataset allows a non-parametric analysis of 50 and 100-years return value extreme events without the need for fitting the data to extreme-value functions.
The SLP reduction affects storm surge height during wind-induced storms. The SLP data was also obtained from the d2PDF and d4PDF projections and integrated into the model. Silvester has defined the relation between this anomaly and surface elevation as (Silvester, 1971):
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where Sa is the surge amplitude (m), and Pc is the pressure at the storm centre, in hPa. The latter relation is often referred to as the inverse barometer effect and indicates an increase in water level by 0.01 m for a decrease by 1 hPa in atmospheric pressure. We are going to refer to the reduction of SLP as a pressure anomaly.
The estimated weakening of TCs, and a consequent decrease in the wind speed and storm surge heights in the future in the Southern hemisphere, including Fiji, was discussed by Mori et al. (2019). It is clear from the data analysis that even though the area around Fiji is known for large-pressure anomalies, a decrease is projected in future climate, particularly in the +4K case, as shown in Figure 2. The decreasing pressure anomaly in the future is related to the weaker TC intensity in the Southern hemisphere. As a result, extreme wind speeds are expected to weaken by 10.7 and 17.8% under the +2K and +4K scenarios, compared to the historical climate conditions as shown in Figure 3. However, despite the weakening trend of the wind speed, the storm speed around Fiji remains the mightiest in the region for extreme wind speeds in the Southern Pacific, with the most prominent ones located in the Coral Sea (latitudes 20°–15° S, and longitudes 150°–160° E), followed by New Caledonia and parts of Vanuatu, both located in between the Coral Sea and Fiji.
[image: Figure 2]FIGURE 2 | Extreme pressure anomalies before bias correction in the case of 50 (A, C, E) and 100-years-return-periods (B, D, F) events in Fiji, under the historical climate conditions (E, F), future climate +2K (C, D), and future climate +4K (a, b, unit: hPa) by the end of the 21st century. A red box indicates the location of Fiji.
[image: Figure 3]FIGURE 3 | Extreme wind speeds in the case of 50 (A, C, E) and 100-years-return-periods (B, D, F) events before bias correction in Fiji, under the historical climate conditions (E, F), future climate +2K (C, D), and future climate +4K (A, B, unit: hPa) by the end of the 21st century. A red box indicates the location of Viti Levu.
Historical TC Data (IBTrACS)
Viti Levu is situated in a location frequently hit by TCs. One hundred one storms having passed within a 3-degree (∼330 km) radius from Viti Levu were tracked between the 1978 and 2021 TC seasons. 44 TCs have passed through Fiji within a 1° radius, 20 passed within a 2° radius and 37 passed within a 3° radius (Figure 4).
[image: Figure 4]FIGURE 4 | Historical TCs that have a record of having passed within a 3° radius from Viti Levu since the 1978 season with (A). maximal wind speed (U10) (unit: m/s) (B). maximal pressure anomaly (unit: hPa).
The study compared storm intensity dynamics for equal periods between 1978 and 2021. The first step in the analysis compared the proximity of the recorded TCs approaching Fiji. The years 1978–1988 had the highest number of the TCs passing nearby Viti Levu, both as a whole and within a radius of 1°. More than one-third of all TCs in 1978–2021 occurred in this period. In contrast, 1989–1999 had the lowest recorded TCs number and the highest proportion of TCs approaching within a 1° radius compared to other periods. Furthermore, the most recent times (2011–2021) are noted for quite a high percentage of the TCs advancing within a 1° radius. 55% of all the recent TCs have approached Viti Levu within this range, constituting 27% of all recorded TCs (Figure 5A). Even though the total number of TCs has decreased compared to 1978–1988, the most recent period (2011–2021) exceeds the TC numbers for 1989–1999, the period noted for the smallest number TCs, more than 1.5 times. Statistically, Viti Levu has been experiencing 1 TC passing within a 1° radius annually (Figure 5B). The numbering convention used (270° (north), 0° (west), 90° (south), and 180° (east)) represents the direction from which the wind is coming. The scheme explaining Eqs 4, 5 is depicted in Figure 5.
While the directional extent is very broad due to Viti Levu’s small size, 74% of all TCs have approached the island from directions ranging between west (0°) and north (270°). Out of these, the TCs approaching the Viti Levu Island from 330° constitute almost one-third of all the recorded TCs, respectively. The number of the cyclones from these two angles exceeds the number of TCs coming from the angles between 180° and 0°, i.e., the southern half, 1.76 times. The northwestern angles are also dominant for the TCs approaching within a 1° radius from Viti Levu (57% of TCs within this range have approached from 330° to 300° angles). Meanwhile, no TC activity between 60° and 120° angles has been recorded according to the available data. Overall, very few TCs approach the island from the southern half, except for a 30° angle (Figure 5B). Instead of assuming that the TC occurrence is equally likely to occur at any point, this study considered the probability of each angle based on the historical records when calculating the averaged value.
[image: Figure 5]FIGURE 5 | TC occurrence frequency by radial distance in Viti Levu (A) per decade, (B) percentage by the angle from which a TC approaches (270° corresponds to the direction from the north (unit: number of TCs, colour: radial distance).
There is a slight decrease in the average annual pressure anomaly, comparing the existing TC records from the 1978–1988 period. The value has fallen by 4.13 hPa, despite very intense storms occurring once in three-four years since 20 years ago (Figure 6A). In addition, the TCs from the 2011–2021 period are 0.8% less intense than the total average. It is also important to note that some missing values in 1978–1988 and 1989–1999, potentially attributable to some weaker TCs, aggravate a better comparison of the TC intensity dynamics. Nevertheless, according to the existing data, 1989–1999 was known for the most intense TCs in terms of pressure. This period has wind speeds 14% above the 2011–2021 average and 14.7% above the total average. Meanwhile, the average central pressure anomaly for 2000–2010 is the lowest, i.e., 13.47% lower than the average of all counted TCs having approached Viti Levu since 1978, considering the available pressure data (Figure 6A). A similar tendency of a decrease, compared to 1978–1988, could be observed for wind speed. The maximum annual wind speed has dropped by 15% compared to 1978 (Figure 6B). This tendency is despite all the strongest wind speeds being recorded over the past 10 years.
[image: Figure 6]FIGURE 6 | Maximum annual pressure anomaly (A) and wind speed (B) around Viti Levu, according to the IBTrACS data. The blue line indicates max yearly pressure anomaly (A) and wind (B), the red line indicates the 40-years moving average (unit (A) m/s (B): hPa).
Despite the general trend for the TCs to decrease in central pressure anomaly, the number of very intense TCs (>60 hPa anomaly) has been increasing with time (Figure 7A). When analysing the angle from where the TCs approach, the storms coming from the most visited 330° angle also tend to be the most intense. 330° and 180° angles are the only ones that have recorded storms with a pressure anomaly of over 80 hPa. When comparing the average central pressure anomaly, rather than the records of the most potent TCs, 180° and 270° angles are known for the most intense TCs on average (51.5 hPa and 43.6 hPa, respectively), despite relatively low occurrences. These numbers exceed the average pressure anomaly by 18.9 hPa and 11 hPa, respectively and the average values for the 330° angle by 13.8 hPa and 5.9 h Pa, respectively. Meanwhile, TCs coming between west and east (30°–150°) are exclusively weak, as their central pressure anomaly has not exceeded 21.2 hPa and has been 17.16 hPa on average. It is also worth noting that the most intense cyclone ever recorded near Viti Levu approached the island from the east, an angle where only 2 TCs affecting Viti Levu have been recorded (Figure 7B). Meanwhile, the least intense recorded cyclone (9.7 hPa) approached from the same eastern angle in the 2011–2021 period (Figures 7A,B).
[image: Figure 7]FIGURE 7 | TC occurrence frequency and maximum pressure anomaly by period (A) and TC approach angle (B) for 1978–2021 near Viti Levu (bar: number of TCs, line: averaged pressure anomaly, colour: pressure anomaly, error bar: the range of pressure anomaly values for the recorded TCs (unit: hPa).
Extreme Value Analysis and Bias Correction
Extreme value analysis (EVA) is the means of characterising a hazard by estimating the intensity and the frequency of occurrence of the event. EVA is the branch of statistics investigating the extreme deviations from the mean or the median of probability distributions, thus helping to estimate the probability of a certain extreme value to occur. EVA in statistical models for estimating the extreme event frequencies has been used for over 60 years (Dalrymple, 1960; Cunnane, 1987; Hamdi et al., 2021).
EVA was conducted using the annual maximum wind speeds from the IBTrACS and d4PDF historical datasets. We generated generalised extreme value distributions of the extreme wind speed and pressure anomaly return periods, based on the latter datasets.
Before applying bias correction, the probability density function for the generalised extreme value distribution (GEV) was used for the EVA. The results were later used to estimate the distribution of the extreme wind speed, associated to different return periods. The following equation represents the probability density function of GEV with three parameters: location μ, scale σ, and shape k:
[image: image]
for [image: image], k [image: image], where k > 0 corresponds to the Type II case and k < 0 corresponds to the Type III case. Type I requires a different equation.
Probability density functions are known to have been used to specify the likely distribution of occurrence of variables (Wilks, 2011). We developed cumulative probability functions based on the maximum yearly wind speed values and pressure anomaly values within a 3° radius of Fiji (Figures 8A–C).
[image: Figure 8]FIGURE 8 | Density function and return-period-distribution line graphs of the annual maximum wind speed and pressure anomaly IBTrACS and d4PDF historical datasets: (A), (C)—cumulative distribution function graph comparison between IBTrACS (orange and green lines) and d4PDF (red and blue lines) datasets. (B), (D)—extreme value distribution of annual maximum pressure anomaly (B) and wind speed (D) before (solid lines; black: d4PDF future, blue: d4PDF historical, green: d2PDF future) and after the bias correction (dotted lines; grey: d4PDF, green: d2PDF, orange: historical) against the IBTrACS dataset [solid red line)].
The GEV probability distribution facilitates the analysis between the d4PDF past dataset and the IBTrACS observed data to correct the presumed bias between the historical data. On the other hand, the bias correction based on the GEV distribution has been reported to be complicated from the short records (Carney, 2016). As the data for the bias correction was limited to 42 years, we used a non-parametric method for both storm surge and SLP correction. All data corresponds to the Type II case. Meanwhile, a storm’s most probable wind speed differs by 1.5 m/s between the datasets. The most probable wind speed, based on the d4PDF data, is 21.5 m/s. Meanwhile, the most probable wind speed, based on the IBTrACS records, is 20 m/s. This difference between the datasets is lower than the differences between the extreme speed values between bias-corrected and default datasets. Meanwhile, the comparison of pressure brought more divergent results, i.e., 17 hPa based on the d4PDF data and 28 hPa based on the IBTrACS records.
In addition, we used the Generalised Pareto Distribution (GPD) for the extreme value distribution. The GPD enables to show that at extreme values, the cumulative probability distribution becomes asymptotic to 1, facilitating TC intensity representation (McInnes et al., 2014). The GPD analysis shows that extreme winds over 60 m/s and a pressure anomaly above 80 hPa are rare (Figure 8A and Figure 8C). As seen from Figure 8B and Figure 8D, the maximum magnitude differs slightly between the observational and estimated data. Even though hardly probable, the upper bound of wind speed can reach 100 m/s and 130 hPa of pressure anomaly, according to the IBTrACS dataset vs 75 m/s, and 110 hPa according to the d4PDF mega ensemble dataset. Due to such noticeable differences, a bias correction is needed. The bias correction was applied by shifting d4PDF and d2PDF values by a constant. This constant was derived from the 43-years average of maximum annual and pressure differences. Unlike the mega ensemble datasets, only 43 years of recorded annual maximum wind speeds data for the IBTrACS require fitting the data to extreme-value functions. The values before and after bias correction are presented in Table 1.
TABLE 1 | Extreme wind speed and pressure anomaly value comparison between past and future climate scenarios after applying bias correction.
[image: Table 1]50-years return value storms. 50-years extreme winds have a 56–89% increase in wind speed and a 112–153% increase in pressure anomalies. Bias correction has the highest impact on the +4K scenario but is less significant for the historical climate. In contrast, the increase is less severe for 100-years return value storms, especially wind speed values. The bias correction increased extreme wind speed values by 48–71% and pressure anomalies by 100–171%. Similar tendencies of an increase with different climate scenarios are observed for 100-years return value storms.
Finally, we calculated the expected values of inundated areas and the population exposed to the inundation during the data analysis under various scenarios. Calculation of the averaged values also took the wind angle probabilities into account. For this reason, the weighted averages, [image: image], using a wind angle distribution were calculated with the maximum annual wind speeds and pressure anomalies corresponding to the 50- and 100-years return periods (Figure 2), as defined by Eq. 5:
[image: image]
where [image: image] is the probability of a certain wind direction [image: image] from which the storm approaches, n the number of directions, and [image: image] the expected value for the direction [image: image]. We used these weighted averages for analysing inundation, population exposed to the inundation, and surface elevation in coastal areas.
As seen from the table, bias correction has resulted in a significant increase of 100- and particularly 50-years return value wind speed and pressure values.
RESULTS
Projected Storm Surge Heights Before and After Bias Correction
We started our analysis with the storm surge heights simulations during extreme storms. Storm surge impact from the point of view of the sea surface elevation was previously assessed by McInnes et al. (2014). However, this study also analysed the difference between non-corrected and corrected climate data in addition to the projected values for the extreme events during the current and future climate. Figure 9 compares spatial distribution before and after the bias correction. While surges near the coast rarely exceeded 3 m for the models with no bias correction, these values were more than 5 m after the bias correction. However, the most efficient way to check the differences is by selecting and comparing certain coastal points. For that reason, the two most affected locations in the northwestern and southern parts were selected.
[image: Figure 9]FIGURE 9 | Spatial distribution of the maximum storm surge level combining different probable wind directions before (A, B, E, F, I, J) and after (C, D, G, H, K, L) bias correction for 50- and 100-years extreme wind speed scenario under historical (A, B, C, D), +2K (E, F, G, H), +4K (I, J, K, L) climate conditions (contour–shoreline under current MSL, unit–m above current MSL).
When comparing the results for the two locations, it becomes clear that bias correction makes a big difference, particularly when assessing historical climate conditions. In the case of 50-years-return value storms, the highest averaged value is 3.62 m for Location #1 and 1.8 m for Location #2. However, depending on the wind directions, storm surge heights in these areas can reach between 1.71 and 4.96 m and between 1.71 and 3.78 m, respectively. The effect is 1.5–2.28 times larger than the original values (1.59 and 1.23 m, Figure 10A). In comparison, in the case of 100-years-return value storms, the averaged value is projected to be up to 4 m for Location #1 and 1.84 m for Location #2. However, depending on the wind directions, storm surge heights in these areas can fluctuate between 1.78 and 5.81 m and between 1.78 and 4.02 m, respectively. An additional effect is 1.8–2.17 times larger after bias correction, especially for the winds under the current climate conditions, compared to the original values (1.25 and 2.22 m). Furthermore, the difference between corrected and non-corrected scenarios fluctuates for Location #2, which faces more moderate storm surges (1.44–2.5 times larger averaged values, Figure 10B). Furthermore, the ratio between 100- and 50-return periods is higher for original than for bias-corrected scenarios.
[image: Figure 10]FIGURE 10 | Maximum surface elevation height in coastal locations #1 and #2 for a 50- (A) and 100- year (B) extreme event (bars: weighted average surface elevation height under different SLR (white and grey) and cumulative SLR and surge (blue to red) scenarios) and spatial distribution under varying wind angles; unit: m).
Compounding Effects Impact on Inundation and Population
In the next step, we estimated the inundated area scope due to the compounding effects of SLR and storm surges. Meanwhile, the number of studies that assessed inundated areas is more limited than the projected total sea surface elevation. Firstly, the anticipated inundation scope is projected for the current and past climates, and the results are compared between different storm magnitudes and before and after bias correction. Secondly, individual effects of storm surge and sea level rise are calculated. The inundation which cannot be attributed to either component is considered residual effects. The residual effects (RE) are calculated by subtracting the compounding effects (CE), SLR, and storm surge (S) individual effects (Figure 9).
[image: image]
RE is attributable to peculiarities in a coastal topography, such as spatial dependence of coastal slopes. They can also provide information about possible limitations (errors) in a model. The peculiarities of the impact of each component are further discussed in Subsection 3.4.
The largest weighted average inundation is projected for 100-years return value storms under the +4K future climate scenario (158 km2, or 1.5% of the islands’ territory). Meanwhile, the weighted averages fluctuate between 147 and 158 km2 between different climate scenarios. In the case of a 50-years extreme event, the weighted average inundation is 17% lower under the +4K climate (Figure 11A). The ratio of projected inundation area is 1.98–3.38 times larger between non-bias corrected and bias-corrected scenarios for 50-years events (Figure 11A). Meanwhile, bias-corrected and non-bias corrected scenarios-based inundated areas differ 2.12–3.2 times for 100-years events (Figure 11B). As one may see, there is a higher fluctuation compared to the 100-years storm bias correction (a wider gap between the extreme values).
[image: Figure 11]FIGURE 11 | Weighted average values of inundated areas under different climate scenarios and before and after the correction (1/50 (A) and 1/100 (B) winds under the +4K, +2K, and historical climate conditions), indicating the contribution of SLR and storm surge (error bars: inundation fluctuation depending on the wind direction; unit: km2).
Next, we projected the number of exposed populations living in the inundated areas and compared the differences between original and bias-corrected projections. The largest weighted average of the exposed population for a 100-years event is projected to occur under the +2K future climate scenario (2.4% of the islands’ population). The estimates differ by only 2% between different climate scenarios. Such a slight difference contrasts to non-corrected scenarios and 50-years events where the differences are more considerable. Meanwhile, considerable differences exist depending on the wind angle–the exposed population estimates differ 2.35 times if a 100-years TC makes landfall on the western shore rather than the eastern one (Figure 11).
As we saw from the previous sections, a bias correction increases the projections more than two times. However, these changes are even more dramatic for the exposed population estimates. The exposed population estimates increase 2.62–4.47 times compared to non-corrected values. For 50-years storms, +4K correction yields the most significant results (Figure 12A). The bias-corrected and non-bias corrected scenarios-based inundated areas differ 3.2–4.97 times. The difference is the smallest for the +4K climate scenario (Figure 12B). As in the case of inundated areas projections, there is a higher fluctuation than the 100-years storm bias correction.
[image: Figure 12]FIGURE 12 | Weighted average values of the population numbers exposed to inundation under different climate scenarios before and after the correction (50- (A) and 100-years (B) extreme events under the +4K, +2K, and historical climate conditions), indicating the contribution of SLR and storm surge (error bars: inundation fluctuation depending on the wind direction).
Effects of Individual Components
This section investigates the role of SLR, storm surges and residual effects in the final projection of total inundation in three climate scenarios (historical, +2K, +4K) under 1/50 and 1/100 return period wind speeds, with and without bias correction. In addition, SLP, which increases sea surface heights effect during the storm surges, is also listed separately. SLP is a crucial factor responsible for more devastating storm surge effects and worsens total sea surface elevation due to the barometer effect. The value for SLP was attributed by subtracting the total inundated area, considering the barometric effect of pressure anomaly and inundation size projected with a storm surge alone.
As seen in Figure 13 as well as Figures 11, 12, a ratio of storm surge contribution to total inundation is the most significant component for the land inundation during the most extreme events in the future climate. Depending on whether bias correction was applied or not, the proportion of the SLR and storm surge contribution differs significantly. This difference can be attributed to the increased extreme wind magnitude after bias correction, leading to a broader inundation scope. In the case of a non-bias-corrected 50-years event, the SLR contribution is more important than the storm surge contribution. Its role is less critical only for the storms without bias correction. Meanwhile, SLP is the most impactful in the +2K climate. It can be attributed to the fact that more intense storms are projected for the +2K scenario than the +4K climate; therefore, the values of storm-induced pressure are correspondingly higher. Furthermore, the contribution of SLP is the most pronounced under less intense 1/50 years return value winds (Figure 13A). It is also an essential component for the storms under historical climate even though its ratio falls as the storm increases. Meanwhile, in the case of the corrected 1/100 years return value events under the +4K climate, the SLP effects become negligible, as their contribution is lower than residual effects (the latter, however, have negative values, Figure 13B).
[image: Figure 13]FIGURE 13 | Contribution of different compounding effects factors to inundation area for a 50- (A) 100-years (B) event under the historical, +2K, and +4K climate conditions before and after the bias correction; black bar: SLR, blue bar: SLP, violet bar: storm surge effects alone, grey bar: residual values (unit: %)). Some residual values were negative; therefore, the storm under +2K and +4K bars had values beyond 100%.
In addition to general trends, exposed population number estimates were projected for two coastal locations on the island (refer to Figure 1 for the locations). 50- and 100-years return period storms are equally impactful for Location 1, irrespective of the climate scenario. 50-years return value storms can expose 3,700–3,780 or 6.15%–6.3%, 100-years return value storms can expose 3,900–4,050, or 6.5–6.75%, of the local population. Meanwhile, the differences between climate scenarios are more significant for Location 2, but even the most extreme storm is not projected to affect more than 0.5% of the local coastal population. In this location, as on the southern coast in general, SLR plays a relatively significant role as a component, accounting for 40% of the total inundation (Figure 14).
[image: Figure 14]FIGURE 14 | Exposed population numbers in locations #1 and #2 in the case of a 50- (A) and a 100-years (B) extreme event compared to the effect of the SLR only (bars: weighted average under various SLR (white and grey) and cumulative SLR and surge (blue to red) scenarios; error bars–inundation fluctuation depending on the wind direction).
In addition, the role of a bias correction for the projections of the two coastal locations was evaluated. The results were as follows: the exposed population for Location 1 increased 2.36–3.26 times, while for Location 2, the difference was between 1.58 and 2.33 times for a 50-years extreme event, as shown in Figure 14A. Meanwhile, estimates for the 100-years return period storm are 2–2.45 times higher for Location 1 and 1.68–2.82 times higher for Location 2 after bias correction, as Figure 14B indicates. The difference is huge for the historical climate but relatively less significant for the storms for the +4K climate. Overall, the difference is lower for Location 1 but higher for Location 2 than the 50-years storms.
DISCUSSIONS
Even though a bias correction helps make more realistic projections in the case of extreme events the impact on the population is quite low and appropriate adaptive measures may prevent the population from a mass-scale displacement. On the other hand, the results after the bias correction highlight more vulnerable regions, as an increase in the inundated areas is particularly sharp for the western and northwestern part of the Viti Levu Island. While the bias correction does not affect the sea level rise projections, it also points out the significance of the storm surges in the compounding effects under the future climate due to a dramatic increase of the wind speeds for the 50- and 100-years return extreme events. In addition, the effects of 100-years extreme events are very similar irrespective of the climate scenario after the bias correction in contrast to the projections without a bias correction where the difference between different radiative forcing scenarios even for 100-years return period storms is clear.
Even though a precise comparison would require the application and recalculation of the storm surges for other islands in Fiji, the results from Viti Levu and analysis of Figures 2, 3 allows us to conclude that many other islands in Fiji and other volcanic islands in the region are susceptible to the compounding effect of sea level rise and storm surge. In addition to most islands of Fiji, Vanuatu and New Caledonia (both situated west of Fiji) are also located in cyclonically active areas and consist of either volcanic or continental islands. Historical evidence shows that these islands could also face similar consequences as Viti Levu (International Federation of Red Cross And Red Crescent Societies, 2015; European Commission’s Directorate-General for European Civil Protection and Humanitarian Aid Operations, 2021). Therefore the results of this study can build a better understanding of the situation of the volcanic islands in the South Pacific as climate change proceeds.
As documented from the past TCs, extreme events can result in huge economic loss for Fiji or other affected islands. However, the consequences of compounding effects can be limited not only to the economy. Climate change can also negatively affect biological diversity. For instance, compounding effects threaten tropical dry forests located in the western and northern parts of Viti Levu, the most vulnerable spots on the island. As such, the compounding effects may negatively affect the potentially highly endangered plant species (Cynometra falcata and Guettarda wayaensis) (Taylor and Kurmar, 2016). Other negative consequences of climate change could be traditional knowledge loss or even a negative impact on endangered languages, as biodiversity and language diversity are intertwined (Amano et al., 2014; Sabūnas et al., 2021). There are a few endangered species, which are susceptible to climate change on Viti Levu. In contrast, the main languages used in Fiji, Fijian and Fijian Hindi, are considered vital and thus are not affected by migration. The only endangered local language is Rotuman, spoken in the Rotuma Island, ∼650 km north of Viti Levu (Moseley, 2010). However, Rotuma is affected by significantly weaker TCs than Viti Levu. Therefore this study is unable to make even rough estimates of its situation.
This study used the future sea level rise estimates from the SROCC (SROCC, 2019). Meanwhile, the most recent assessment report released in 2021 projects slightly lower median values for the year 2050 and the year 2,100 in particular (−1 cm and −7 cm respectively) (IPCC, 2021). However, the differences are negligible given the fact that Viti Levu Island is a high island where storm surges play a more significant role in the compounding effects. Meanwhile, it is worth taking into account that the sea level rise projection does not consider the newest evidence regarding mass balance of the Greenland ice sheet which is not a part of the newest IPCC report but which may elevate the future sea level rise projections (Shepherd et al., 2020).
Even though other studies have applied bias correction, few studies exist to compare the impact of the bias correction on numerical models of the future climate (Carney, 2016). The bias correction can improve the model uncertainty arising due to a coarse resolution of a GCM and a method to consider a constant wind speed and direction. On the other hand, the correction cannot address the scenario uncertainty and the internal variability. Because of the bias correction application and the SLP effect consideration, the total sea surface elevation projections, inundated areas, and exposed population numbers during the extreme events were higher than projected in an earlier study by Sabūnas et al. (2020). The inundated areas were 1.8 times higher and exposed population numbers were up to 2.65 times higher than the projections without a bias correction Sabūnas et al. (2020). Meanwhile, sea surface estimates for 100-years extreme winds were higher in this study than McInnes et al. (2014). This seemingly conflicting finding could also be attributed to a bias correction method and different coastal locations between the studies.
This study applied bias correction while treating each variable independently. Despite this, we can spot a clear correlation between two variables, the wind speed and SLP, which are closely related parameters defining the TC intensity. Meanwhile, some studies have considered joint bias (precipitation and temperature) corrections in an attempt to reduce biases in the mean and variance of each variable (Li et al., 2014). However, our study did not consider a bivariate bias correction as this type of bias correction could have led to higher errors for the extreme wind speeds whose values would have increased. This would result in higher exposure estimates for both historical and future climate conditions.
CONCLUSION
Small island developing states, such as Fiji, contribute little to the global greenhouse gas emissions but will experience disproportionate consequences of climate change. Some coastal areas in Fiji are affected by compounding effects and could suffer tremendous economic loss, even more so in the future. On the other hand, relatively low exposure numbers mean only a limited islands’ population is threatened. Furthermore, most of the threatened population is subject to temporary displacement. Only 0.31% of the island’s population could be permanently displaced solely due to the SLR effects. Owing to such a small number and the island’s size, it is quite unlikely that climate-related events may displace a more significant number of the population out of the island. On the other hand, a future SLR acceleration will result in more devastating extreme events for Fiji coastal population.
Depending on future climate scenarios, 100-years return value storms may inundate 1.5% of the island’s territory and affect 2.4% of the island’s population. In addition, some coastal areas may exhibit surface elevation as high as 5.8 m (compared to the current MSL) during the 100-years storms in the future. However, the vulnerability is place-dependent, and most exposed people are estimated to be from the west and northwest coast of Viti Levu. In addition, there are significant differences in projections depending on whether we use bias-corrected data or not, particularly for the displaced population and for the +4 K climate scenarios. However, it is hard to draw a clear linear relation between magnitude and population displacement. For instance, Cyclone Harold is attributable to a 10-years-return period event for Viti Levu but displaced only 0.11% of the island’s population, fewer than estimated. Meanwhile, Cyclone Winston is attributable to a 100-years-return period event but displaced 6.2%, higher than the estimates. Therefore, more accurate estimates of the displacement scopes would require creating a vulnerability map to distinguish the exposed population from the displaced population.
This study concludes that despite the decrease in wind speed and an increase in the central pressure of the TCs under future climate, a faster pace of climate change means a more critical vulnerability level for Fiji. Therefore, the adaptive capacity of Fiji and success or failure not to exceed the warming by 2° globally may be the forces that would determine the impact of future TC in Fiji.
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