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Abstract

:

The intensity–duration–frequency (IDF) curve is a commonly utilized tool for estimating extreme rainfall events that are used for many purposes including flood analysis. Extreme rainfall events are expected to become more intense under the changing climate, and there is a need to account for non-stationarity IDF curves to mitigate an underestimation of the risks associated with extreme rainfall events. Sydney, Australia, has recently started experiencing flooding under climate change and more intense rainfall events. This study evaluated the impact of climate change on altering the precipitation frequency estimates (PFs) used in generating IDF curves at Sydney Airport. Seven general circulation models (GCMs) were obtained, and the best models in terms of providing the extreme series were selected. The ensemble of the best models was used for comparing the projected 24 h PFs in 2031–2060 with historical values provided by Australian Rainfall and Runoff (ARR). The historical PFs consistently underestimate the projected 24 h PFs for all return periods. The projected 24 h 100 yr rainfall events are increased by 9% to 41% for the least and worst-case scenario compared to ARR historical PFs. These findings highlight the need for incorporating the impact of climate change on PFs and IDF curves in Sydney toward building a more prepared and resilient community. The findings of this study can also aid other communities in adapting the same framework for developing more robust and adaptive approaches to reducing extreme rainfall events’ repercussions under changing climates.
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1. Introduction


During recent decades, climate change significantly impacted extreme weather events, such as heatwaves, droughts, floods, and hurricanes [1,2]. As the temperature rises, atmospheric water vapor increases, leading to more intense rainfall events [3]. The frequency, intensity, and duration of these events are increasing and becoming more unpredictable [4]. These changes can lead to physical damage, disruption of service, and economic losses, particularly in urban areas that are densely populated and highly interconnected [5]. Evaluating infrastructure vulnerability to climate change is crucial for building resilient cities. Infrastructure systems, such as transportation, energy, water supply, and communication, are essential for the functioning of urban areas. Therefore, assessing the vulnerability of infrastructure to climate change is necessary to identify potential risks and develop adaptation strategies to reduce their impacts.



To effectively manage the risk of flooding in a city, it is crucial to improve the green infrastructures and drainage systems [6]. Designing drainage systems with climate change in mind is crucial to ensure that they can cope with increasingly extreme weather events, such as heavy rainfall and flooding, and mitigate the negative impacts of climate change on communities and infrastructure [7]. The traditional design approach for stormwater infrastructure relies on intensity–duration–frequency (IDF) curves and a stationary assumption, which may not be valid under changing climatic conditions. As a result, there is a growing recognition of the need to update IDF curves for climate change and to consider non-stationary design approaches [4].



Several studies have highlighted the importance of updating IDF curves for climate change [8,9,10,11,12,13,14]. Yan et al. (2021) summarized observed changes in urban short-duration extreme precipitation and introduced two major approaches for updating IDF curves [8]. Ragno et al. (2018) evaluated climate change impacts on IDF curves in the 14 most populated cities in the United States [13]. The results show that while annual precipitation is expected to remain unchanged, an increase of up to 20% in intensity, and doubling the frequency, are expected for projected events compared to the historical values. Ren et al. (2019) evaluated the impact of non-stationary and spatial heterogeneity under climate change on the variability in the IDF curves on a watershed in north-eastern California, United States [12]. Their results show a 10% to 60% increase in 24 h 100 yr events compared to the historical values by the end of the century, which demonstrated under-designing infrastructure in the case of using historical values. Agilan and Umamahesh (2016) evaluated the impact of incorporating different covariates on updating IDF curves under climate change [14]. Their results show events with shorter duration are impacted more by changes in local temperature and other local processes, while events with longer duration are impacted more by global processes such as global warming. Regardless of the influential factors, extreme events are projected to increase for all durations from 1 h to 48 h and for all return periods ranging from 2 yr to 100 yr. Cook et al. (2020) examined the impact of both the spatial resolution of the regional climate model (RCM) ensemble and the spatial adjustment technique on the climate-corrected IDF curves and the resulting stormwater infrastructure designs for 34 cities in the United States spanning the years 2020 to 2099 [10]. The IDF values significantly differed in most cities between three spatial adjustment techniques and two RCM spatial resolutions. Kourtis et al. (2022) introduced a generic framework for updating IDF curves considering climate change. Their results showed that the variability in future climate projections is significant [11]. Li et al. (2017) used a high-resolution RCM to predict the changes in sub-daily design rainfalls for the Greater Sydney region in Australia [15]. Sixteen methods for estimating future sub-daily design rainfall were assessed, and an increasing trend in design rainfalls was found for all methods. In their study, Ghasemi Tousi et al. (2021) analysed the future projections of eight general circulation models (GCMs) from the Coupled Model Intercomparison Project Phase 6 (CMIP6) and updated the IDF curves for the City of Tucson, Arizona, USA, for the period of 2020–2051 [4]. They selected the most representative climate models for their study based on climate model performance on annual maximum series (AMS) and partial duration series (PDS) in the historical period. Their results indicate the importance of climate model selection for each case study, where one out of eight models was selected as the only representative model for their case study. Moreover, they highlighted that the rise in the frequency of climate change-related extreme weather events necessitates a revision of design standards to address future climate changes and strengthen the resilience of urban areas.



Australia encounters weather patterns that are highly erratic, marked by prolonged periods of drought followed by heavy rainfall, which can cause significant flooding [16,17,18]. Further, climate change has exacerbated the natural variability in weather patterns, making extreme weather events, such as floods, more common and severe [19,20]. Among Australian cities, Sydney is a coastal city in Australia that is particularly vulnerable to the impacts of climate change, including increased flooding and extreme weather events [21]. The compound impact of climate change on increasing rainfall intensities as well as sea level rise makes coastal cities more vulnerable to climate change impacts [22]. Therefore, it is essential to develop effective strategies to manage flood risks in Sydney. Using these measures, Sydney can better prepare for the impacts of climate change and ensure the resilience of its infrastructure and communities.



Pluvial flooding is a type of flooding that occurs due to heavy rainfall events that exceed the capacity of the drainage systems, leading to water accumulation in streets, highways, and buildings. Pluvial flooding is becoming more frequent and severe due to more intense and frequent extreme events under climate change [23,24]. Sydney, one of Australia’s most populated cities, is at a higher risk of flooding due to its dense urban development, topography, and changing weather patterns. Stormwater infrastructure is critical to urban areas, as it manages the flow of stormwater and reduces the risk of flooding and water-related hazards [25,26,27]. Updating stormwater infrastructure design in Sydney is vital to ensure its resilience and adaptability to cope with the challenges of climate change and population growth. This research highlights the importance of updating stormwater infrastructure design in Sydney to address current and future challenges and to safeguard the well-being of the city’s residents, infrastructure, and environment.



The main aim of this study is to assess the effects of climate change on extreme weather events and the design of stormwater drainage systems in Sydney, Australia. To achieve this, we used climate projections from CMIP6 and Shared Socioeconomic Pathways (SSPs) to develop non-stationary precipitation frequency estimates (PFs). We selected the most representative climate models for Sydney for the purpose of generating PFs and IDF curves. This is to reduce the uncertainties in the projected IDF curves produced using difference models shown in previous studies [4,10,11]. Climate model selection was performed based on the models’ performance for extreme series in the historical period, following Ghasemi Tousi et al. (2021) [4]. The AMS was selected as the extreme series for model selection to better align with the Australian Rainfall and Runoff (ARR) guidelines for generating IDF curves that are also based on AMS. The projected and historical PFs were used to examine culvert design under non-stationary conditions in different climate scenarios. The findings of this research can inform the design and management of stormwater infrastructure in Sydney and other coastal cities, enhancing their resilience to climate change impacts.




2. Materials and Methods


In the current study, we estimated the potential impact of climate change on rainfall extremes and designed stormwater infrastructure in Sydney, Australia. The framework used is outlined in Figure 1. The following subsections explain the data used and analysis performed.



2.1. Study Area


Sydney, located on Australia’s south-eastern coast, is the largest city in the country, with a population of approximately 5.4 million people [28]. It has an area of 12,367 square kilometres and is the capital of New South Wales [28]. The city is surrounded by various water bodies, including the Pacific Ocean and several bays and rivers. Sydney experiences a moderate oceanic climate with warm summers and mild winters. The city’s rainfall is relatively evenly distributed throughout the year, with a mean annual rainfall of approximately 1200 mm [29].



Sydney is an ideal case study to evaluate the impacts of climate change on stormwater management. The city’s location on the coast makes it susceptible to sea-level rise and storm surges, which can exacerbate flooding risks [30,31]. The city has experienced several significant floods, including the recent one in early July 2022. Heavy flooding broke out in the Central Coast and Sydney areas of New South Wales, Australia. Due to months of prior heavy rainfall, the land was already saturated, causing significant flood damage when additional rain fell. Some regions along the eastern seaboard experienced their third major flood of 2022. With the increasing frequency and intensity of extreme precipitation events due to climate change, the risk of flooding in Sydney is expected to increase [21].



Drainage infrastructure systems, such as culverts and stormwater drains, are essential in Sydney as they are designed to collect stormwater and control flooding. Hence, there is a need to refine the design of stormwater infrastructure systems to reduce the city’s vulnerability to flooding caused by climate change. To achieve this, we chose Sydney Airport AMO station as a showcase (Figure 2). This station has extensive and uninterrupted data records and is located in a strategic location in the city, making it an excellent representative of the broader Sydney region.




2.2. Data Overview


The long-term daily rainfall data spanning 30 years from 1981 to 2010 was obtained from the Bureau of methodology for Sydney Airport AMO station (http://bom.gov.au/climate/data/, accessed on 1 March 2023). Daily rainfall simulations from seven CMIP6 GCMs forced by the latest scenarios provided by the Intergovernmental Panel on Climate Change (IPCC) for both historical (1981–2010) and future (2031–2060) periods were downloaded from the Earth System Grid Federation (ESGF) website (https://esgf-node.llnl.gov/projects/cmip6/ (accessed on 1 March 2023)). The selected GCMs cover a range of different methodologies, parameterizations, and spatial resolutions, ensuring a diverse representation of the models commonly used in the field. This diversity adds robustness to our findings and provides a more comprehensive understanding of the role of GCMs in extreme event analysis. Our focus was not to utilize all available models, but rather to choose a representative subset that effectively highlights the importance of non-stationarity and the consideration of climate models. Table 1 provides further details on the specific models used in this study.



Table 1 provides the full names, abbreviations, providing institution name and ID, and spatial resolution of GCMs. Model abbreviations will be used hereafter to refer GCMs for brevity. The GCMs’ projections are reported under different scenarios of climate change. The IPCC has previously provided Representative Concentration Pathways (RCPs) as scenarios. However, these have been replaced by SSPs, which were developed to depict underlying socioeconomic characteristics and shared policy assumptions of that world for mitigating and adapting to climate change [32]. The five narratives outlined in the SSPs depict broad socioeconomic trends that could influence future societies and are designed to cover a wide range of potential futures.



We used the SSP2-4.5 (SSP2) and SSP5-8.5 (SSP5) scenarios to analyse climate change impacts on PFs and culvert design under two different limits of greenhouse gas emissions. SSP2, also known as the “middle-of-the-road” scenario, represents a moderate scenario that assumes future trends throughout the 21st century will follow historical patterns. The mitigation measures for decreasing greenhouse gas emissions are moderately implemented in SSP2, and one of the lowest CO2 levels compared to other scenarios is projected by the end of the century. On the other hand, SSP5 assumes high population and economic growth, along with a slower transition to low-emission technologies, leading to higher emissions. SSP5 is the worst-case scenario in terms of projecting the highest CO2 emissions by the end of this century [33,34]. By considering these scenarios in our analysis, we can better understand the potential consequences of different policy and development choices for the future of our planet.




2.3. Data Analysis


2.3.1. GCMs Bias Correction and Performance Evaluation


Recent research has utilized GCMs to investigate changes in high-impact weather events, such as extreme rainfall. However, GCMs typically are available at a spatial resolution of 100 km or more [35,36], which can introduce errors due to discretization and areal averaging within grid cells. As such, systematic model errors represent a primary source of bias in GCM data [37]. Statistical techniques, such as distribution mapping, can be used to correct the existing biases in model output and match observed values at a finer spatial resolution [38,39].



The selection of a bias correction algorithm has a substantial impact on the future projection of rainfall. Therefore, it is advisable to limit the choice of methods for current conditions to those that have demonstrated high performance in similar studies [40]. Distribution mapping is a well-known technique for correcting biases in stochastic variables such as rainfall. This approach corrects the biases present in GCM simulations by adjusting the distribution of the GCM data to match the observed distribution using transfer functions [37,41]. Unlike most methods that only correct the daily mean values, distribution mapping accounts for biases in all statistical moments [42]. CMhyd, a widely used statistical downscaling tool (https://swat.tamu.edu/software/cmhyd/ (accessed on 1 March 2023)), was used in this study to bias correct the GCM daily rainfall data [37,43].



While bias-corrected GCMs may agree on large-scale climate trends, there can be significant variations in their output at local scales [44]. This variation results in inherent uncertainty in the future projections of GCMs, making the process of decision-making challenging. Different GCMs can propose diverse adaptation strategies and corresponding plans that come with different implementation costs [4]. For example, variations in projected extreme events between GCMs can significantly affect the design size of stormwater drainage infrastructure, potentially doubling the cost [10]. Therefore, while evaluating multiple GCMs for a desired location is essential to broadly capture the characteristics of extreme events, there is a need to reduce the existing uncertainties in GCM outputs. Choosing the right model can further manage uncertainty, improve our method’s objectivity, and support more informed decisions [45,46].



Instead of selecting GCMs based on mean annual, seasonal, or monthly precipitation, extreme series were chosen to assess the impact of climate change on extreme events and design stormwater infrastructures in Sydney [4]. To generate the IDF curves and PFs, the extreme series is the main input; therefore, GCMs were selected based on their ability to reproduce the historical extreme series. It is expected that GCMs with higher performance in terms of extreme series in the historical period have more accountable projections [4]. The AMS, which involves selecting the maximum daily precipitation over the course of a year, was utilized as an extreme series to evaluate GCMs. This method is widely used for creating IDF curves and PFs [47], as recommended by the ARR guidelines [48]. The two-tailed Kolmogorov–Smirnov (K-S) test at the significant level of 0.05 [49] was used to evaluate the GCM’s performance in AMS. The empirical cumulative distribution function (eCDF) of observed AMS was compared against the eCDF of the bis-corrected GCMs’ AMS for the same historical period of 1981–2010. The null hypothesis in the K-S test is that the two samples (i.e., observed AMS and GCM AMS) have the same underlying distribution. The p-value represents the probability of not rejecting the null hypothesis, which is calculated based on the maximum difference between the CDFs (i.e., eCDFs in this case) of the two samples. A high p-value (i.e., >0.05) suggests that the differences between the two samples are likely due to random sampling error and there is not enough evidence to reject the null hypothesis that both samples are from the same distribution. In contrast, a low p-value rejects the null hypothesis and indicates that the differences may be due to the samples having different underlying distributions [10]. This test shows whether the given bias-corrected GCM provides nearly the same AMS as the observed data, which is a metric for selecting GCMs for generating IDF curves [50].



The ensemble of selected GCMs (α = 0.05) was used to further manage uncertainty and increase confidence in climate projections by generating a range of different possible outcomes. Ensemble modelling helps to account for the fact that no single GCM is perfect and provides insight into the range of potential future climates. Each GCM has its strengths and weaknesses, and by combining the outputs of multiple selected models, we can leverage the strengths of each model while mitigating its weaknesses. This can lead to more robust and reliable projections of future climate change [51,52,53].




2.3.2. Extreme Value Fitting


This section presents a summary of the process used to derive the 24 h PFs for annual exceedance probabilities (AEPs) ranging from 50% to 1%, which are used for generating IDF curves appropriate for most design situations [48]. The AEP of 50% to 1% corresponds to 2 yr to 100 yr rainfall events. PFs were generated in this study using the ARR guidelines, which is the primary source for engineering design in Australia. [48]. This involves several steps, including collating quality-controlled rainfall data, extraction of extreme value series, and frequency analysis.



The AMS was used instead of PDS to define the extreme value series due to its unambiguous definition, relatively simple application, and the problem of bias associated with the PDS for less frequent AEPs [48]. Daily AMS was converted to 24 h AMS using a conversion factor of 1.15, provided by ARR guidelines, to convert daily rainfall observation restricted to 9:00 a.m. to 9:00 a.m. to the actual, unrestricted 24 h events. The generalised extreme value (GEV) distribution was used to fit the AMS, which best fits the AMS on an at-site analysis per ARR guidelines [48]. L-moment, a widely used method in rainfall and flood frequency analysis was used to fit AMS to GEV using a linear combination of the mean, variation, and skewness of data, known as L-moments [54]. L-moment is an efficient method for fitting the data and does not have biases in sample estimates, particularly in higher-order moments, unlike ordinary moments [55]. We utilized the lmomRFA package in R 4.3.0 to implement the L-moments for fitting GEV and generating 24 h design PFs with return periods of 100, 50, 25, 10, 5, and 2 years [56,57].




2.3.3. Illustrative Culvert Design Example


A culvert design example was chosen to demonstrate how the projected change in design rainfall may affect stormwater drainage infrastructure design in Sydney. The example was demonstrated using the selected GCMs and their ensemble. The design example for the culvert was performed on a hypothetical watershed that was relatively urbanized, with an area of 4 hectares (i.e., 1 acre) and a runoff coefficient of 0.65. It was carried out for the 1 h 100 yr event at the Sydney airport station using baseline PFs of ARR and predicted PFs from the GCMs for two scenarios (i.e., SSP2, SSP5) [4,10]. The ratio of the 1 h to 24 h 100 yr historical ARR PF was obtained at Sydney airport station. This ratio was multiplied by the 24 h 100 yr projected PFs from the GCMs to obtain a 1 h projected event for the culvert design. To calculate peak stormflow for design, the rational method was used, as shown in Equation (1). In this equation, Q represents the peak stormflow (m3/s), which is calculated using the runoff coefficient (C), the average rainfall intensity (I) for a given duration and return period, and the area (A) of the watershed. The design was carried out for an average rainfall intensity with a duration of 1 h, assuming a time of concentration of 1 h for the small watershed [10,58].


  Q = C I A  



(1)







Manning’s equation (Equation (2)) was used to determine the appropriate size for the stormwater culvert. The equation uses Rh as the hydraulic radius (m), S0 (m/m) as the culvert slope, and n as the Manning roughness coefficient. In this particular case, a circular concrete culvert was designed using Manning’s equation with a culvert slope of 0.005 and a Manning roughness coefficient of 0.013 [59].


  Q =   1   n   A     R   h     2 / 3       S   0     1 / 2    



(2)







The computed diameters of the culvert for both the past and projected extreme precipitation events were approximated to the closest standard pipe size used in Australia, which includes sizes of 600, 675, 750, and 825 mm.






3. Results and Discussion


3.1. Evaluation of GCMs Performance


The ability of bias-corrected GCMs to replicate the AMS during the historical period (1981–2010) was tested using the K-S test (α = 0.05). AMS is the primary input for calculating PFs, and therefore, it was crucial to evaluate the GCMs’ skill in replicating AMS accurately. Figure 3 shows the eCDFs of AMS for the observed, raw GCMs and bias-corrected GCMs, along with the associated K-S p-values in the historical period. The findings indicated that the distribution mapping bias-correction method significantly improves the fitting of all GCMs to the observed data. This is shown by shifting the raw AMS eCDF of models toward the observed AMS eCDF using bias correction. Some models (e.g., MRI, see Figure 3f) show a very similar AMS eCDF to the observed AMS after bias-correcting compared to the raw AMS eCDF. Further, the K-S test results confirm the importance of bias correction, with all models showing increased p-values after bias correction. However, two models (i.e., ITM, see Figure 3e; INM, see Figure 3d) reject the K-S test null hypothesis, indicating that bias-correcting could not improve (i.e., p-value < α = 0.05) the performance of these GCMs enough to produce similar AMS to the observed AMS in the historical period. Therefore, five out of seven bias-corrected GCMs (i.e., ACC, see Figure 3a; FGO, see Figure 3b; GFD, see Figure 3c; MRI, see Figure 3f; NOR, see Figure 3g) passed the K-S test and were selected for the rest of the analysis. These models demonstrated higher performance for generating extreme events in the study area. The ensemble of the selected GCMs was used to further reduce uncertainty, increase confidence in projections, and account for the strengths and weaknesses of different models. To encompass all potential future projections based on the chosen GCMs, culvert design practices and projected 24 h PFs are presented for each individual GCM as well as the ensemble of selected models. The findings demonstrate the effectiveness of the distribution mapping approach in correcting biases and emphasize the significance of selecting appropriate models to precisely project extreme events.




3.2. Projected 24 h Precipitation Frequency Estimates


Figure 4 depicts the 24 h PFs for five return periods (i.e., 2 yr, 5 yr, 10 yr, 25 yr, 50 yr, 100 yr) and two scenarios (i.e., SSP5, see Figure 4b and SSP2, see Figure 3a) for the Sydney airport station, based on the historical and projected data. The historical PFs were obtained from the ARR design rainfall data [48]. The projected PFs were estimated using the selected GCMs and their ensemble for two scenarios: SSP5 and SSP2. Figure 5 shows the changes in the projected 24 h PFs relative to historical values of the ARR for the selected GCMs and their ensemble for all return periods under the two scenarios in SSP5 (see Figure 5b) and SSP2 (see Figure 5a). The results (see Figure 4 and Figure 5) highlight that projected extreme rainfall events are expected to occur at bigger magnitudes than in the historical period, consistent with previous studies [2,10,60,61]. For both scenarios, the historical PFs lie between the lowest projected PFs and the ensemble of GCMs (see Figure 4). This shows a consistent underestimation of historical PFs compared to the average projected PFs shown by the GCMs ensemble (see Figure 4). This is sounder for the worst-case scenario in SSP5 (see Figure 4b), where historical PFs lie almost at the lowest limit of projected PFs. The projected 24 h 100yr PFs for the ensemble of models are 308 mm and 398 mm for SSP2 (see Figure 4a) and SSP5 (see Figure 4b), respectively. These are, respectively, 9% (see Figure 5a) and 41% higher (see Figure 5b) compared to the historical value of ARR (i.e., 283 mm) for the same event.



The divergence between the projected PFs and historical values increases with longer return periods, regardless of the future scenario or GCM used, which aligns with earlier findings [60,62]. For extreme events, this shows the underestimation of historical PFs is even higher. Figure 4 and Figure 5 show how almost consistently, for both scenarios, the increase in the ensemble of projected PFs compared to the historical PFs rises for the more extreme events. Uncertainties in the projected PFs also increase for more extreme events compared to less extreme events for both scenarios and most models (Figure 4 and Figure 5). For example, for SSP5, the range for the projected 24 h 2 yr PFs is 36 mm (from 103 mm to 139 mm), while the same range for 24 h 100 yr is 293 mm (from 286 mm to 579 mm) (see Figure 4b).



As expected, the projected PFs are generally higher for the worst-case scenario in SSP5 compared to SSP2. SSP2 assumes that future trends will follow the historical trends with less projected greenhouse gas emissions compared to SSP5, with the highest projected emission that results in more intense projected precipitation. The average increase in projected PFs based on the models’ ensemble for all return periods is 9% and 28% for SSP2 (see Figure 5a) and SSP5 (see Figure 5b), respectively. On the other hand, the uncertainty is also higher for SSP5 (see Figure 4b) compared to SSP2 (see Figure 4a), with a larger range of projected PFs. The average range of 24 h PFs in all events (i.e., 2 yr, 5 yr, 10 yr, 25 yr, 50 yr, 100 yr) for the selected models is 89 mm and 120 mm for SSP5 and SSP2, respectively.



These findings suggest that climate change may lead to more severe rainfall extremes, particularly under the SSP5 scenario, which warrants proactive measures to mitigate potential impacts. The projected PFs suggest that the risk of extreme events in the future may be underestimated by the currently used stationary approach of ARR. Infrastructure such as stormwater drainage systems, roads, and bridges, which are designed based on stationary assumptions, possibly will not have the capacity to withstand the expected extreme events resulting from climate change over their expected service life.




3.3. Culvert Design under Climate Change


A typical culvert was chosen as a representative case study to demonstrate the impact of climate change on infrastructure. Table 2 displays the rainfall intensities of 1 h 100 yr events and the estimated peak stormflows for two scenarios of the models’ ensemble, in addition to the historical values of ARR. The results in Table 2 indicate that peak stormflows are expected to increase by 8% and 41% for the SSP2 and SSP5 scenarios, respectively, compared to the past values calculated using ARR data. These findings suggest that culverts currently designed based on ARR may not be sufficient in the future for both scenarios.



Figure 6 depicts the complete range of differences in culvert design sizes across various models and scenarios due to climate change at Sydney airport station. The design was evaluated against historical values obtained from ARR, which represent the main foundation for engineering design in the study region.



According to the past values of ARR, a culvert with the size of 675 mm is adequate to manage a 1 h 100 yr storm in the Sydney study area. The designed culvert size under climate change varies depending on the scenario, ranging from 600 mm to 825 mm. However, with the projected increase in extreme weather events, larger culverts are required to handle the same event in the future under the worst-case scenario. The ensemble of GCMs for SSP5 suggests one size higher culvert of 750 mm for 2031–2060. The ensemble of GCMs for SSP2 suggests the same culvert size (i.e., 675 mm) as the past value of ARR; the same results were also obtained by Ghasemi Tousi et al. (2021) [4] for the best-selected model of MPI-ESM1- 2-H in a case study in Tucson, AZ, U.S.



The selection of GCMs can impact the results obtained. Different models may utilize distinct assumptions and numerical schemes, leading to different projections [63,64]. Nonetheless, the sensitivity of results to GCM selection is a subject of ongoing research and debate. It is crucial to recognize these limitations and uncertainties to properly interpret and apply the findings of GCMs in climate-related research and decision-making processes. Furthermore, other factors, such as land use change and topography, can significantly impact rainfall patterns [65,66,67,68]. Land use changes, such as urbanization, deforestation, and agricultural practices, can alter the surface characteristics of an area. Consequently, these changes can disrupt natural hydrological cycles, affect evapotranspiration rates, and change the distribution and intensity of rainfall [66,67]. Similarly, topography plays a vital role in shaping rainfall patterns. The presence of topographic features can influence the movement and intensity of weather systems, leading to localized variations in rainfall [65,69]. In our study, we focused specifically on quantifying the impacts of climate change on extreme rainfall events. Therefore, we did not consider other factors, such as land use change or topography, which could affect rainfall patterns. Future research should examine the combined impacts of climate change, land use change, and topography on extreme rainfall events. By integrating these multiple dimensions, researchers can better understand the complexities of future implications of extreme rainfall events.





4. Conclusions


In conclusion, incorporating non-stationary PFs in infrastructure design flood mitigation is essential for building resilience in a changing climate, particularly in urban areas such as Sydney. In recent years, the City of Sydney has experienced several extreme weather events, including floods, and climate models predict that such events will likely increase [70,71]. As climate change continues to exacerbate extreme weather events, it is crucial to use a forward-looking approach to flood estimation that accounts for non-stationary factors such as changing rainfall patterns and intensifying rainfall events. This study highlights the importance of model selection in generating PFs and IDF curves, where out of seven climate models, only five of them were selected, and their ensemble was used to represent the projected extreme events at Sydney airport. The projected 24 h 100 yr rainfall events are increased by 9% to 41% for the least and worst-case scenario in 2031–2060. The historical PFs from ARR are consistently underestimating the future rainfall events, particularly the more extreme events under the horizon of 2031–2060 in Sydney. The projected PFs from this study and historical PFs from ARR were used in a typical culvert design in Sydney to showcase the impact of climate change. For the worst-case scenario (i.e., SSP5), based on the 2031–2060 projected 1 h 100 yr event, the required culvert is one size higher (i.e., 750 mm) than the culvert size (i.e., 675 mm) needed for the same storm based on historical values of ARR and the less extreme scenario (i.e., SSP2). This is valuable information that can be used by Sydney planners and officials to practically incorporate the impact of climate change in their policies regarding flood mitigation and resilient infrastructure design in Sydney. The same framework can also be used by other case studies seeking more resilient policies coping with climate change. The findings of this research can inform policy decisions and guide the development of more sustainable and resilient communities that are better equipped to cope with the challenges of a changing climate.
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Figure 1. Methodology Framework. 
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Figure 2. Study Area. 
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Figure 3. eCDF of AMS for both observed and GCMs in the historical period (The abbreviations correspond to different GCMs: (a) ACC, (b) FGO, (c) GFD, (d) INM, (e) ITM, (f) MRI, (g) NOR). 
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Figure 4. Projected (2031–2060) 24 h PFs for the different return periods of all GCMs for two scenarios (green and red lines) compared to historical PFs of ARR (black line) for Sydney airport station ((a) corresponds to SSP2 and (b) corresponds to SSP5). For the historical PFs of ARR, the 2 yr IDF does not correspond to the 2-year average recurrence interval (ARI) IDF, and rather, it corresponds to the 1.44 ARI. Similarly, the 5 yr IDF corresponds to the 4.48 ARI [48]. 
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Figure 5. Variations in projected 24 h PFs from the historical values of ARR for different GCMs in two scenarios at Sydney airport station ((a) corresponds to SSP2 and (b) corresponds to SSP5). 
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Figure 6. The size of culvert based on different GCMs and scenarios for the projected period, 2031–2060. 






Figure 6. The size of culvert based on different GCMs and scenarios for the projected period, 2031–2060.



[image: Hydrology 10 00117 g006]







[image: Table] 





Table 1. Characteristics of the seven CMIP6 GCMs used in this study.
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	Model
	Model Abbreviation
	Contact Institution
	Institution ID
	Spatial Resolution (lon × lat)





	ACCESS-CM2
	ACC
	Australian Community Climate and Earth-System Simulator
	CSIRO
	1.875° × 1.25°



	FGOALS-g3
	FGO
	Chinese Academy of Sciences
	CAS
	2° × 2.25°



	GFDL-ESM4
	GFD
	NOAA Geophysical Fluid Dynamics Laboratory, Princeton, New Jersey, USA
	NOAA-GFDL
	1° × 1°



	IITM-ESM
	ITM
	Indian Institute of Tropical Meteorology
	IITM
	1° × 1°



	INM-CM5-0
	INM
	Institute of Numerical Mathematics, Moscow, Russia
	INM
	2° × 1.5°



	MRI-ESM2-0
	MRI
	Meteorological Research Institute, Tsukuba, Japan
	MRI
	1.125° × 1.1215°



	NorESM2-MM
	NOR
	Norwegian Climate Service Centre
	NCC
	1.25° × 0.9424°
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Table 2. Culvert design comparison for 1 h 100 yr rainfall event using historical, ARR, and projected PFs of the GCMs’ ensemble.
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	ARR
	SSP2
	SSP5





	Rainfall intensity(mm/h)
	68
	74
	95.7



	Storm runoff (m3/s)
	0.49
	0.53
	0.69
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