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Abstract 

Coastal erosion at wave-dominated beaches, primarily driven by nearshore wave dynamics, poses 

a substantial challenge for coastal management. While existing datasets from individual beaches 

have improved our understanding of site-specific coastal morphodynamics, there is a growing 

demand for regional-scale datasets to understand and predict regional shoreline responses to 

climate variability. To address this, we present a combined shoreline and nearshore wave dataset 

for the wave-dominated coast of southeast Australia, comprising over 8,000 cross-shore transects 

at 100 m spacing for over 300 beaches. For each transect, satellite-derived shoreline positions 

(1984–2024) and beach-face slopes are provided, alongside hourly nearshore wave parameters 

(1979–2024) extracted at the 10 m depth contour. Shoreline data have been validated using 

available field surveys, and wave data have been assessed against offshore and nearshore buoy 

observations. This dataset provides a valuable resource for developing regional-scale 

understanding of shoreline variability along wave-dominated and embayed coastlines. 
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Background & Summary 

Understanding and predicting shoreline change are important for managing erosion risks, 

informing land use decisions, and supporting long-term coastal adaptation strategies [1, 2]. One of 

the primary drivers of shoreline change on many coastlines is nearshore wave dynamics, which 

influence sediment transport processes both in the cross-shore and longshore directions [3-5]. As 

such, historical records of shoreline position and wave conditions are critical for advancing our 

understanding of coastal morphodynamics and developing models capable of quantitatively 

forecasting shoreline evolution [6, 7]. 

Several beach profile datasets from individual beaches worldwide have supported evidence-based 

coastal research across various environments, from micro- to meso-tidal settings [8-13]. Combined 

with nearshore wave data, these datasets have provided insights into volume changes driven by 

storms [14, 15] and seasonal to interannual climate variability (e.g. ENSO) [16]. Shoreline position, 

derivable from these datasets, serves as a key coastal state indicator for shoreline management [17] 

and a proxy that correlates with the total beach-dune volume [18]. The shoreline position data also 

underpins the development of shoreline change models, which have largely been tested at 

individual sites [19-23]. Model transferability without site specific calibration has been shown to 

be limited [24-27].  

To move beyond beach-specific applications, synthesizing shoreline and wave data across multiple 

sites enables regional-scale analyses of shoreline-wave dynamics [28-33]. With increasing 

computational power and advances in reduced-complexity and data-driven models, there is 

growing potential for regional-scale shoreline models [34-36]. These models rely on extensive 

regional datasets for calibration, validation, and deployment. Such datasets are also crucial for 

assessing model transferability across diverse settings, which is key for large-scale coastal 

planning and early warning systems [37]. In the context of emerging data-driven approaches, 

training machine learning models, including deep learning architectures (e.g. transformers [38]), 

on large, diverse datasets can enhance predictive accuracy and generalizability beyond what site-

specific models can achieve [39, 40]. 

Recent advances in satellite derived shoreline (SDS) [41] and efficient wave downscaling methods 

[42, 43] have made it increasingly feasible to generate accurate shoreline and nearshore wave 

datasets at regional scales. Herein, we present a comprehensive shoreline and nearshore wave 
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dataset for the coast of New South Wales (NSW), Australia. The NSW coastline is composed 

exclusively of wave-dominated sandy beaches from dissipative to reflective states, and exhibits 

distinct morphodynamics [44, 45]. With wave-driven longshore and cross-shore sediment transport 

as the dominant processes in shaping the shoreline, NSW beaches are influenced by both short-

term storm events and longer-term climate variability associated with ENSO [14, 30]. The region’s 

microtidal conditions further enhance the reliability of satellite-derived shoreline measurements, 

as they reduce the influence of tidal variability on shoreline detection [41]. 

The dataset comprises over 8,000 cross-shore transects spaced at 100-meter intervals along the 

NSW coast. For each transect, satellite-derived shoreline positions are provided at approximately 

bi-weekly intervals from 1984 to 2024, along with associated beach-face slopes. Hourly nearshore 

wave parameters—including significant wave height (Hs), peak period (Tp), mean wave period 

(Tm02), as well as peak and mean wave directions (Dp and Dm), are provided at the 10 m depth 

contour for each transect from 1979 to 2024. The dataset has been validated using field survey data 

(for shorelines) and offshore and nearshore wave buoys (for waves). A subset of this dataset (e.g., 

Curl Curl Beach) has been previously used for benchmarking shoreline models in the 

ShoreShop2.0 initiative [46]. 

Both the shoreline and nearshore wave data are valuable for coastal process studies and hazard 

management applications, such as shoreline erosion, wave overtopping, and coastal inundation 

[47]. The combined dataset also facilitates regional understanding of coastal morphodynamics and 

provides a robust foundation for developing, validating, and implementing shoreline evolution 

models, especially hybrid and data-driven ones that benefit from large datasets [31, 32, 36].  

Methods 

Definition of transects 

The transects used in this dataset are a subset of the shore-normal transects defined for wave-

dominated sandy beaches across the entire Pacific Rim [30], spaced at 100 m intervals alongshore. 

In NSW, 8,828 transects were identified, spanning 307 wave-dominated sandy beaches selected 

using the criteria introduced by Vos et al. [30] (Figure 1a). These transects were used to extract 

both shoreline positions and nearshore wave conditions. 
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(Figure1 goes here) 

Satellite derived shorelines 

The CoastSat open-source Python toolkit V3.2 [48, 49] was used to extract shoreline positions at 

mean sea level (MSL) from satellite imagery. The process involves four key steps: (1) retrieving 

satellite images via Google Earth Engine; (2) automatically extracting waterlines from the selected 

images; (3) intersecting the waterlines with predefined shore-normal transects; and (4) applying 

tidal correction to obtain the shoreline time series.  

This workflow was applied individually to each of the 307 beaches. For each beach, a polygonal 

region of interest (ROI) encompassing the entire beach was defined. All available images in the 

Landsat archive (Landsat 5, 7, 8, and 9) between 1984 and 2024 that intersected the ROI were 

clipped, downloaded and pansharpened to 15 m resolution using the panchromatic band.  

During waterline extraction, each image was segmented using a pre-trained model developed 

across a range of Pacific Rim beaches [30]. The classifier categorized pixels into four classes: sand, 

water, white water (breaking waves), and other. To improve waterline detection, the Modified 

Normalized Difference Water Index [MNDWI, 50] was computed using the green and short-wave 

infrared (SWIR1) bands. A histogram of MNDWI values was constructed only for the sand and 

water pixels, and Otsu’s thresholding algorithm [51] was applied to determine an optimal threshold 

that maximized inter-class variance. The waterline contour corresponding to this threshold was 

then extracted at sub-pixel resolution using the Marching Squares algorithm [52]. 

To eliminate outliers and false detections, a reference shoreline was defined for each beach, and 

shoreline vertices located beyond a 150 m buffer from this reference were removed. The 

intersections between valid waterline contours and pre-defined shore-normal transects were 

calculated. Waterline positions were defined as the distances between the landward ends of shore-

normal transects and their intersections with valid waterline contours. 

Since every satellite image is taken at a different stage of the tide, the waterline position extracted 

from the previous step reflects the instantaneous boundary between land and water. To retrieve the 

shoreline position at MSL, a tidal correction was applied to remove high-frequency waterline 

dynamics related to tidal variations based on the instantaneous water level and the slope of the 

intertidal zone. Water levels at the time of each image acquisition were extracted from the nearest 
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grid point in the FES2022 global tide model [53]. Shoreline position was obtained by adding a 

tidal related horizontal (shore-normal) shift Δ𝑥 to the extracted instantaneous waterline position at 

each transect. By assuming a constant beach face slope 𝑚, given the reference elevation 𝑧𝑟𝑒𝑓 (0 m 

for MSL, defined by FES2022 output) and the local water level at the time of image acquisition 

𝑧𝑤𝑡, the horizontal shift Δ𝑥 can be estimated as shown in equation 1. The beach face slope 𝑚 is 

estimated as the value that, when used for tidal correction, minimizes waterline variance at the 

tidal frequency relative to erosion/accretion signals with frequency domain analysis [54]. 

Δ𝑥 =
𝑧𝑟𝑒𝑓 − 𝑧𝑤𝑡

𝑚
(1) 

Nearshore wave reconstruction 

The nearshore wave data were derived by downscaling offshore wave hindcasts from the Centre 

for Australian Weather and Climate Research (CAWCR) between 1979 and 2024 [55, 56]. This 

hindcast was provided hourly and globally at 0.4° resolution with nested grids down to 4 

arcminutes (~7 km) for the Australian region. Directional wave spectra were available at a 0.5° 

resolution, discretised into 29 frequencies exponentially spaced from 0.038 Hz to 0.5 Hz and 24 

directions with a constant 15° directional resolution. To improve accuracy, the CAWCR hindcasts 

were bias-corrected using the IMOS satellite altimetry dataset [57], which provides global wind 

speed and significant wave height data since 1985. Spectral correction followed the method of 

Cagigal et al. [42], using partitioned sea and swell components corrected independently based on 

the directional method of Albuquerque et al. [58]. Only the deep water (depth>300 m) altimetry 

data was used for the correction. 

The BinWaves approach [42] was applied to efficiently propagate the full directional wave spectra 

to nearshore locations. This method is based on linear wave theory and assumes that the 

propagation of individual wave components is independent. While this assumption holds well in 

deep water, its accuracy decreases in shallow coastal zones where non-linear processes such as 

shoaling and wave breaking become significant. Nonetheless, previous studies have demonstrated 

that this approach can accurately reconstruct nearshore wave conditions at depths of approximately 

10~15 m [59].  
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BinWaves approach consists of 2 main steps: (1) generate a library of monochromatic pre-runs of 

a wave propagation model; and (2) reconstruct propagated wave spectra at points of interest given 

deepwater wave boundary conditions (e.g. CAWCR) (Figure 2).  

(Figure 2 goes here) 

In the first step, following the CAWCR data, a full directional wave spectrum was decomposed 

into 696 monochromatic bins, representing 29 frequencies and 24 directions (Figure 3a). For 

computational efficiency, only bins with landward wave directions relative to the NSW coastline 

(−15° to 195°) and occurrence rate of wave energy above 1% were retained (Figure 3b). The 

Simulating WAves Nearshore (SWAN) model [60] was used to simulate wave propagation from 

offshore to nearshore. The NSW coastline was divided into seven model domains, each covering 

one offshore buoy (Figure 1). The main grids were aligned parallel to the coastline and extended 

seaward beyond the 300-m depth contour. Each domain included one offshore buoy for validation 

and covered the entire shoreline in the landward end.  Five of seven domains contain nearshore 

wave buoys with BYR and COH as exceptions (Figure 1). Each main grid was paired with a higher-

resolution nested grid focused on the nearshore zone (depth < 50 m). Grid resolutions were 250 m 

for main grids and 100 m for nested grids. Positioning and dimension of grids are provided in 

Table 1. High-resolution nearshore bathymetry (e.g. LiDAR surveys) and coarse resolution 

offshore bathymetry data were stitched and resampled to 50-m resolution [61]. This merged dataset 

was used as the input bathymetric data to the SWAN wave models. 

(Figure 3 goes here) 

Table 1 Parameters for SWAN computational grids used. Xpc and Ypc are the x and y 

coordinates of the origin of the grid. Alpc is the rotation of the computational grid in Cartesian

 convention. Xlenc and Ylenc are the length of the grid in x and y directions. Mxc and Myc 

are the number of domains in the x and y directions. 

Domain  Xpc Ypc Alpc (°) Xlenc 

(°) 

Ylenc 

(°) 

Mxc Myc 

Byron 

Bay 

(BYR) 

Main 153.83 -29.75 83 1.8 0.7 718 278 

Nested 153.56 -29.72 83 1.8 0.43 1798 428 

Main 153.37 -31.14 75 1.6 0.5 638 198 
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Coffs 

Harbour  

(COH) 

Nested 153.13 -31.08 75 1.6 0.23 1598 248 

Crowdy 

Head 

(CRO) 

Main 152.73 -32.96 67 2.1 0.6 838 238 

Nested 152.41 -32.82 67 2.1 0.25 2098 248 

Sydney 

(SYD) 

Main 151.2 -34.7 50 2.3 0.72 917 286 

Nested 150.95 -34.49 50 2.3 0.4 2299 399 

Port 

Kembla 

(KEM) 

Main 151.00 -35.26 66 1.2 0.45 478 178 

Nested 150.82 -35.18 66 1.2 0.25 1199 249 

Batemans 

Bay 

(BAT) 

Main 150.39 -36.34 61 1.4 0.48 558 190 

Nested 150.23 -36.25 61 1.4 0.3 1398 299 

Eden 

(EDE) 

Main 150.29 -37.7 83 1.6 0.5 638 198 

Nested 150.07 -37.67 83 1.6 0.28 1598 278 

 

For each bin representing a unique combination of frequency 𝑓𝑖 and direction θ𝑗, a unitary wave 

boundary condition was created with Hs of 1 m to run the SWAN model in stationary mode. To 

simulate monochromatic wave boundary conditions, a unimodal theoretical JONSWAP spectrum 

was defined with a peak enhancement factor (γ) of 50 and a directional spreading coefficient of 3 

degrees following Cagigal et al. [42].  For each grid point 𝑃 of the SWAN model, given the unitary 

boundary spectra 𝑈(𝑓𝑖 , 𝜃𝑗)  and the propagated spectra  𝑈𝑝(𝑓𝑖 , 𝜃𝑗) , a propagation coefficient 

𝐾𝑝(𝑓𝑖 , 𝜃𝑗) was obtained using the quadratic relationship between the variance density spectrum 

and its associated bulk Hs [62] (Equation 2). To avoid unrealistic wave steepness, for peak periods 

smaller than 5 s (𝑓𝑖 >0.2 Hz), the unitary boundary condition used a Hs of 0.1 m and the 

corresponding 𝐾𝑝 was rescaled by multiplying by 10 afterwards.  

𝐾𝑝(𝑓𝑖 , θ𝑗) = √
𝑈𝑝(𝑓𝑖 , θ𝑗)

∫ ∫ 𝑈(𝑓𝑖 , θ𝑗)  𝑑𝑓 𝑑θ
(2) 
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In the second step, full spectral reconstruction 𝑆𝑝(𝑓𝑖 , θ𝑗) can be implemented at a grid point 𝑃 

using the propagation coefficient 𝐾𝑝  and boundary condition spectrum 𝑆 (𝑓𝑖 , 𝜃𝑗)  by linearly 

superposing the propagation of each monochromatic bin (equation 2).  

𝑆𝑝(𝑓𝑖 , θ𝑗) = ∑ ∑ 𝑆(𝑓𝑖 , θ𝑗)

𝑗𝑖

∗ 𝐾𝑝
2(𝑓𝑖 , θ𝑗) (3) 

To reduce data storage, the wave propagation coefficient 𝐾𝑝 and directional wave spectra 𝑆𝑝 were 

saved only at grid points within 9–11 m water depth, as well as at grid points closest to the 

nearshore and offshore buoys for validation purposes (Figure 1). For the NSW nearshore wave 

data herein, spectral timeseries from seven CAWCR stations are used as the offshore boundary 

condition 𝑆(𝑓𝑖 , θ𝑗)  to reconstruct the nearshore grid points 𝑆𝑝(𝑓𝑖 , θ𝑗)  for the seven domains, 

respectively (Figure 1). All these CAWCR stations are adjacent to the seaward boundary of model 

domains and located in deep waters (depth >300 m) where the non-linear interactions can be 

assumed negligible. Hourly wave parameters including Hs, Tp, Tm01, Tm02, Dp, and Dm were derived 

from the reconstructed nearshore spectra 𝑆𝑝(𝑓𝑖 , θ𝑗). Only the parametric outputs are included in 

the published dataset. 

To associate the nearshore wave conditions with shoreline transects, each transect was extended 

seaward to identify its intersection with the 10 m depth contour, where the assumption of linear 

wave theory remains valid. SWAN grid points within 500 m of this intersection and between 9–

11 m depth were used to interpolate wave parameters at the intersection point using the Inverse 

Distance Weighting (IDW) method. In overlapping zones between adjacent domains, results were 

merged based on the wave direction as follows. Since constant boundary conditions were applied 

on all grid sides, near-boundary areas can exhibit directional biases. Specifically, wave parameters 

may be less accurate for northern and southern boundaries under North or South wave conditions, 

respectively. To address this, if the incident wave direction was between −90° and 90° (North 

waves), results from the northern domain were used; otherwise, results from the southern domain 

were retained. 

Data records 

The dataset is publicly available via the Zenodo data repository [63] 

(https://doi.org/10.5281/zenodo.17693915). It is organized into two primary components: one for 
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shoreline data and another for nearshore wave data. In addition to these core datasets, four 

supplementary geospatial layers are provided in GeoJSON format: the region of interest 

(ROI_NSW.geojson), a reference shoreline for each beach (shorelines_NSW.geojson), the location 

of transects (transects_NSW.geojson), and the intersection of extended transects at 10 m contour 

with quality assurance (intersections_10m_QA.geojson). These files can be easily viewed and 

processed using common GIS software such as ArcGIS, QGIS, or GDAL. 

The CoastSat_shorelines folder contains shoreline data from 1984 to 2024, organized into 

subfolders for each beach site (e.g., aus0045, aus0046, etc.), with folder names matching the id 

field in ROI_NSW.geojson. Each site folder includes CSV files with raw shoreline time series 

(time_series_raw.csv), tidally corrected shoreline time series (time_series_tidally_corrected.csv), 

tidal levels from the FES2022 model (tide_levels_fes2022.csv), and beach-face slopes 

(transect_beach_slopes.csv) used for tidal correction. Shorelines were mapped in January 2025 

using CoastSat (v3.2). 

The wave component contains hourly nearshore wave data from 1979 to 2024, stored in 10 

NetCDF files with size ranging from 5 to 10 GB. File names (e.g., aus0045_aus0066.nc) indicate 

the range of beach site IDs included. All NetCDF files follow a consistent structure with two 

dimensions: time and tran_id (Transect ID, matching transects_NSW.geojson). Each file includes 

standard reconstructed wave parameters from the spectral output of BinWaves: significant wave 

height (Hs), peak period (Tp), mean wave periods (Tm01, Tm02), and mean and peak wave directions 

(Dm, Dp). Other properties for each transect include the longitude and latitude of the intersection 

point between the extended transect and the 10 m depth contour (where waves are extracted), the 

distance from the seaward end of the transect to the intersection, and the angle between the transect 

and the 10m contour at the intersection. Time for both shoreline and wave datasets is in 

Coordinated Universal Time (UTC). 

In addition to the examples presented in the Technical Validation section, the shoreline and wave 

validation figures for all sites in NSW are also provided in the comparison results folder. 
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Technical validation 

Shoreline comparison 

The SDS shoreline data is validated against in-situ field survey data from 12 beaches in New South 

Wales (Figure 1a). These include: Narrabeen Beach, with multi-decadal monthly surveys [8]; three 

beaches – Bilgola, Dee Why, and Mona Vale – with 3.5 years of weekly to bi-weekly surveys (Dec 

2013 to Jun 2017); six beaches—Dixon Park, Manly, Shoalhaven, Thirroul, Wamberal, and 

Wanda—with monthly surveys over two years (2011–2012) [64]; and two beaches—Moruya and 

Pedro—with 10 years of monthly surveys (Dec 2007 to Jun 2017) [28]. 

For each transect and site, error metrics including mean bias, root-mean-square error (RMSE), and 

coefficient of determination (R²) are computed. With Moruya Beach as an example (Figure 4) and 

results for other sites provided in the Zenodo data repository [63] 

(https://doi.org/10.5281/zenodo.17693915), the SDS shoreline time series closely matches the in-

situ observations. For Moruya Beach, transect-wise RMSEs range from 11.21 m at the northern 

end (Profile 1) to 15.01 m at the southern end (Profile 3). The bias is positive (seaward) for Profile 

1, negative (landward) for Profile 2 and negligible for Profile 3. The site-level statistics at Moruya 

are bias = -0.26 m, RMSE = 12.71 m, and R² = 0.67. Across all 12 sites (Figure 5), Moruya has the 

largest RMSE. Most beaches show a seaward (positive) bias, except Shoalhaven, a more 

dissipative beach, which exhibited a landward (negative) bias. Bias values range from −4 m to 

+6 m, RMSE values are consistently within 7–13 m, and R2 values exceed 0.4 for all sites. 

(Figure 4 goes here) 

(Figure 5 goes here)  

Wave comparison 

Wave parameters derived from the BinWaves approach are validated against measurements from 

7 offshore [65] and 19 nearshore wave buoys [66] located along the NSW coast (Figure 1) with 

details provided in the supplementary Table S1. The comparison results for the Sydney (SYD) 

offshore buoy are shown in Figure 6, with results for the other offshore buoys provided in the 

Zenodo data repository [63] (https://doi.org/10.5281/zenodo.17693915). The comparison shows 

strong agreement (RMSE=0.34 m and 𝑅2 = 0.84 ) and negligible bias (Bias = 0.13 m) for Hs. 

Among other parameters, Tp shows the largest discrepancies, with an RMSE of 2.31 s, 𝑅2 of 0.26, 
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and a negative bias of -0.73 s, likely due to differences in spectral binning between the buoy and 

CAWCR data. In comparison, Tm02 has a lower RMSE of 0.94 s and larger 𝑅2 of 0.42. The model 

also effectively reconstructs wave directions with RMSE of 29° and negligible bias. These metrics 

at SYD are broadly representative of other offshore buoys (Table 2), with slightly larger errors 

observed at COH and EDE. Across all buoys, Hs and Tm02 are generally overestimated, while Tp is 

consistently underestimated.  

(Figure 6 goes here) 

Table 2 Summary of offshore wave comparison metrics. Blank cells are for buoys without direction 

information. 

 Hs (m) 𝑇𝑝 (s) 𝑇𝑚02 (s) 𝐷𝑚 (°) 

 RMSE Bias 𝑅2 RMSE Bias 𝑅2 RMSE Bias 𝑅2 RMSE Bias 𝑅2 

BYR 0.38 0.16 0.76 2.00 -0.49 0.31 0.92 0.09 0.43 29.61 -7.42 0.53 

COH 0.41 0.23 0.77 2.02 -0.43 0.28 1.21 0.77 0.45 29.44 1.05 0.52 

CRO 0.36 0.18 0.81 2.14 -0.53 0.29 1.08 0.56 0.45 
  

 

SYD 0.34 0.13 0.86 2.31 -0.73 0.24 0.94 0.25 0.42 29.10 -3.38 0.52 

KEM 0.36 0.11 0.77 2.37 -0.59 0.23 1.25 0.60 0.29 31.87 -6.51 0.48 

BAT 0.36 0.18 0.78 2.18 -0.50 0.27 1.10 0.50 0.37 
  

 

EDE 0.42 0.20 0.77 2.38 -0.54 0.28 0.85 0.14 0.49 38.72 -0.42 0.55 

 

 

The BinWaves outputs are also compared against nearshore wave buoy data [66]. The Woonona 

buoy is used as an example (Figure 7) while results for other buoys are provided in the Zenodo 

data repository [63] (https://doi.org/10.5281/zenodo.17693915) and summary statistics across all 

sites are shown in Table 3. The results demonstrate that BinWaves can effectively reproduce 

nearshore wave parameters. Compared to the offshore validation, nearshore Hs is even better 

reconstructed, with RMSE consistently below 0.35 m. However, the accuracy of wave period 

estimates declines in the nearshore. Tp is generally underestimated, showing a similar magnitude 

of negative bias as in the offshore case, while Tm02 is overestimated with a larger bias. Both 

parameters have increased RMSE. For directional accuracy, Dm generally improves for nearshore 

buoys with RMSE reducing to below 25°. In contrast, Dp exhibits greater bias and RMSE due to 
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the coarse (15°) directional binning of the CAWCR input spectra, which results in discretised 

outputs and limits the resolution of directional changes.  

(Figure 7 goes here) 

Table 3 Summary of nearshore wave comparison metrics. Blank cells are for buoys without 

direction information. 

 Hs (m) 𝑇𝑝 (s) 𝑇𝑚02 (s) 𝐷𝑝 (°) 𝐷𝑚 (°) 
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8 
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2 
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3 
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Usage Notes 

Unlike most existing datasets that focus on individual beaches, this dataset supports regional-scale 

analysis by providing spatially consistent wave and shoreline data across 307 beaches. This 

facilitates deeper understanding of regionally consistent or disparate patterns of shoreline change 

related to subtle differences in wave energy along this coastline.  It may also help to serve in the 

development of shoreline models that can generalize across various beach settings. 

The nearshore wave and shoreline datasets can be used independently to investigate historical 

patterns of wave climate and shoreline change. When linked via the common transect IDs, these 

datasets enable deeper insights into the relationship between nearshore wave dynamics and 

shoreline response. This integration supports both qualitative and quantitative analyses of beach 

change over the past ~ 40 years. Additionally, it can be used for calibration and training of shoreline 

evolution models at seasonal and interannual scales. Shoreline data were extracted from the 

Landsat archive. Prior to 2000, when only Landsat 5 was operational, data availability was limited 

to approximately fortnightly to monthly intervals. With the addition of Landsat 7, 8, and 9, the 

temporal resolution improved to around weekly by 2024. Despite this improvement, the data may 

still lack the temporal resolution needed to capture event-scale shoreline changes.  

Although the default output shoreline data (time_series_tidally_corrected.csv) is tidally corrected 

to MSL, given the tide levels (tide_levels_fes2022.csv), the instantaneous waterline 

(time_series_raw.csv), and the slope (transect_beach_slopes.csv), the shoreline data can be 

adjusted to other reference water levels following equation 1. The correction for wave runup and 

setup was not applied because these processes have mixed and site-dependent effects on the 

accuracy of shoreline position estimates [41]. As most validation sites exhibit a seaward bias 
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(Figure 5), applying runup and setup corrections would further amplify this existing bias [41]. 

Consequently, uncertainties associated with wave runup and setup are not explicitly resolved in 

the provided shoreline positions. These processes may contribute to short-term shoreline 

variability and residual bias, particularly under energetic wave conditions, and should be 

considered when interpreting the dataset or applying it to site-specific analyses. We provide (i) the 

raw shoreline positions and (ii) wave parameters for each transect. This allows users to compute 

runup and setup appropriate for their specific site and apply customised corrections where required. 

Spatio-temporal smoothing can also be applied to reduce the noise of shoreline data related to 

water level variations for shoreline modelling [46]. 

It is important to note that the nearshore wave data are extracted at the intersections between 

extended transects and the 10 m depth contour (Figure 8), and that wave transformation landward 

of this contour is not included. As waves propagate from offshore toward the break point, their 

direction tends to refract toward the shoreline normal. Because many physics-informed shoreline 

models (e.g. CERC equation [68]) require wave conditions at the breaking point, using wave 

parameters sampled at the 10 m contour may introduce additional uncertainty, particularly 

directional bias, to which models such as CERC are highly sensitive [19, 46]. This issue becomes 

more pronounced for transects located near headlands or strongly curved coastlines (e.g. Transect 

00 in Figure 8), where the extended transect can intersect the contour at a large angle. In such cases, 

the extracted wave angle of incidence may be larger and less representative of the local shoreline 

dynamics. To support transparency and informed use of the dataset, NetCDF files for wave data 

includes the distance from the transect origin to the intersection point and the angle between the 

transect and the 10 m contour. These metadata can be used to assess the representativeness of the 

wave data and inform the selection or weighting of transects in subsequent analyses. Nearshore 

wave conditions are generally more representative for transects with shorter distances to the 

intersection point and intersection angles closer to 90 degrees, indicating a more perpendicular 

alignment between the transect and the depth contour. Nearshore reefs landwards of the 10m depth 

contour can also pose challenges in transforming wave data to the shoreline, resulting in less 

representative nearshore wave conditions [69]. 
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(Figure 8 goes here) 

The metrics for both offshore and nearshore buoys (Table 2&Table 3) are comparable to the 

existing wave transformation products in NSW [8, 67]. The dominant source of uncertainty is 

associated with the offshore CAWCR wave hindcasts used as forcing, which exhibit average 

RMSE values of approximately 0.37 m for significant wave height (𝐻𝑠) and 3 s for peak period 

( 𝑇𝑝 ) when evaluated against buoy observations across the South Pacific [55]. Additional 

uncertainty arises from non-linear nearshore wave processes that are not fully resolved by the 

BinWaves framework, contributing RMSE values of approximately 0.11 m for 𝐻𝑠 and 1.93 s for 

𝑇𝑝 when compared against full nearshore wave simulations [67]. As evidenced by the validation 

results (Table 2&Table 3), the peak wave period (𝑇𝑝) and peak direction (𝐷𝑝) are notably less 

accurate than their mean counterparts (𝑇𝑚02 and 𝐷𝑚). This reduced accuracy is largely attributable 

to the directional and period binning resolution of the offshore wave hindcasts, compared to the 

resolution of the inshore wave buoys, which is particularly pronounced for 𝐷𝑝 . Therefore, for 

shoreline modelling applications, 𝐷𝑚is a more reliable parameter for wave direction. Although 

𝑇𝑚02 also shows better metrics than 𝑇𝑝, the latter is a more direct indicator of shoreline dynamics 

[26]. In addition, the reconstructed 𝑇𝑝 can sufficiently capture the observed temporal trends with 

metrics comparable to the state of the art [37, 67]. For these reasons, it is still recommended to use 

𝑇𝑝 as the primary wave-period parameter. This strategy has been adopted in previous shoreline 

model benchmarking exercises based on this dataset [26, 46]. 

The current version of the dataset is based on the CAWCR wave hindcasts [55, 56]. However, 

the archive of the propagation coefficient 𝐾𝑝 is independent of the offshore/source wave spectra 

and enables the reconstruction of nearshore waves from any offshore wave conditions. With a 

growing number of  downscaled wave hindcasts for Southeast Australia now available, which 

have improved accuracy, higher spatial resolution, and finer directional and period binning [70-

72], future iterations of this dataset will evaluate the performance of multiple offshore wave 

products. The updated dataset will incorporate the best-performing hindcast or an ensemble of 

wave hindcasts to enhance the robustness and reliability of the nearshore wave estimates. 
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Data availability 

The NSW wave and shoreline datasets are publicly available in the Zenodo repository [63] under 

the following link (https://doi.org/10.5281/zenodo.17693915). 

Code availability 

The source code of CoastSat for satellite-derived shoreline and beach slope estimation is available 

at https://github.com/kvos/CoastSat and archived at a Zenodo repository [73] 

(https://doi.org/10.5281/zenodo.2779293). The source code for BinWaves is available at 

https://github.com/GeoOcean/BlueMath/tree/main. The source code for NSW nearshore wave 

reconstruction and interpolation is available at 

https://github.com/yongjingmao/BinWaves_NSW/tree/main. In addition, the offshore CAWCR 

wave data and the propagation coefficients (Kₚ) used to transform offshore wave conditions to 

nearshore grid points are archived at a Zenodo repository [74] 

(https://doi.org/10.5281/zenodo.15678828). 
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Figure legends 

Figure 1 Site maps. (a) Map of shoreline-normal transects used to define shoreline positions across 

NSW. Red points mark the locations of field surveys, with the inset map highlighting transects used 

by SDS and field surveys at Moruya. (b) Locations of wave buoys in NSW: green points indicate 

nearshore buoys and red points denote offshore buoys. (c) Bathymetry map of NSW showing the 

model domains used in wave downscaling. Dashed and solid polygons represent the extent of main 

and nested domains for the SWAN models with details described in Table 1. Green stars mark 

offshore CAWCR stations used as boundary conditions.  

Figure 2 Workflow of BinWaves. This figure is modified from Cagigal et al. [42]. 

Figure 3 Binning of CAWCR wave spectra and distribution of wave energy occurrence rates at 

CAWCR station 657–658. (a) Occurrence rate of wave energy across all spectral bins, plotted in 

polar coordinates with frequency as the radial axis and direction as the angular axis. Each cell 

represents a bin defined by a specific frequency and direction; colour shading indicates the 

frequency of occurrence of wave energy in each bin. (b) Bins retained after filtering, with blank 

cells indicating bins excluded due to low energy occurrence (<1%) and seaward wave directions. 

Figure 4 Shoreline validation results for Moruya. (a–c) Time series of shoreline positions from in-

situ surveys and SDS for three surveyed transects shown in Figure 1a. (d) Histogram of shoreline 

position errors, defined as SDS minus in-situ survey values. (e) Scatter plot showing the correlation 

between SDS and in-situ shoreline positions.  

Figure 5 Validation metrics of SDS against field surveys across 12 NSW beaches (locations shown 

in Figure 1). The colour gradient indicates the average number of in-situ survey observations 

across all transects per site. 

Figure 6 Wave comparison for Sydney offshore wave buoy. (a1)~(d1) Timeseries of buoy and 

BinWaves reconstructed Hs, Tp, Tm02 and Dm. Only the data in the last 100 days of buoy record is 

included in the plot for better visualization but the metrics were calculated based on the whole 

record. (a2)~(d2) Correlation between buoy and BinWaves modelled wave parameters based on 

the whole record. 

Figure 7 Wave comparison for Woonona nearshore wave buoy. (a1)~(e1) Timeseries of buoy and 

BinWaves modelled Hs, Tp, Tm02, Dp and Dm. (a2)~(e2) Correlation between buoy and BinWaves 

modelled wave parameters. 

Figure 8 Example of wave data extraction for transects at Bondi Beach. Solid black lines show the 

original transects, while dashed black lines indicate their seaward extensions. Red crosses mark 

the intersection points with the 10 m depth contour. Arrows illustrate the corresponding average 

wave directions. 
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