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Abstract 

Urban catchments and waterways play a vital role in the development of cities. However, 
climate change is projected to adversely affect the urban catchment hydrology. Thus, future 
projections of climatic variables are needed at high temporal and spatial resolutions for 
stormwater impact assessment studies. In urban catchments, Water Sensitive Design (WSD) 
devices are proposed as a potential measure to mitigate the climate change impacts. 
Nevertheless, the performance assessment of WSD devices under climate change in a complex 
urban catchment hydrology can be a challenging task. Many studies have tried to downscale 
the climatic data and to investigate the adverse impacts at urban catchment hydrology across 
different temporal and spatial scales. However, a thorough analysis was hardly achieved 
because they mostly studied urban catchments as a part of larger catchments and either relied 
on the downscaled climatic data from a single Global Climate Model (GCM) or a single 
downscaling method. This study has assessed the capabilities of dynamical and statistical 
downscaling methods in climate impact studies by using twelve GCMs at the Lucas Creek 
catchment located in Auckland, New Zealand. For downscaling, a Regional Downscaling Model 
(RCM) and a Statistical Downscaling Model (SDSM) are used for dynamical and statistical 
downscaling methods. Through stormwater modelling, this study has fully evaluated the adverse 
effects on the urban catchment hydrology using Flow Duration Curves (FDCs) and Indicators 
of Hydrological Alteration (IHA) methods. This investigation at the full flow regime scale helped 
the study to understand the adverse impacts of climate change at low, medium and high flows 
in the urban waterways. Furthermore, the performance of WSD devices is evaluated under 
climate change scenarios and different mitigation and adaptation strategies are examined to 
enhance the performance of the WSD devices and keep the flows at the baseline. The results 
indicate that both the dynamical and the statistical methods have the capabilities to provide 
future climatic data at a daily time scale from the twelve selected GCMs. SDSM has shown some 
variation among the selected GCMs over the annual cycle however, such variations are also 
noticed in the dynamically downscaled data under three Representative Concentration 
Pathways (RCPs); RCP 2.6, RCP 4.5 and RCP 8.5. Overall, both the methods indicated a 
significant increase in the flow magnitudes of different return periods in future. The flow time 
series generated by PCSWMM indicated that peak flow (Q.001) is increased by 370% under RCP 
4.5 and low flow (Q95) is increased by 40%. Likewise, most of the IHA parameters show a 
significant variation in the 2050s and 2090s indicating a severe impact on the ecological 
environments of the urban waterways. Regarding the performance of WSD devices, this study 
highlights that installation of WSD devices such as bioretention system and permeable 
pavements at 30% of the catchment area would mitigate extra flow and volume projected by 
most of the selected GCMs. However, this mitigation strategy would demand significant 
catchment areas for peak flows with more than 100% rise. On the other hand, 56% and 24% 
increments in the dimensions of berm height and soil thickness of the bioretention system can 
alleviate a 180% increase in the flow in the 2050s under RCP 2.6. Similarly, for permeable 
pavement, soil thickness and storage length would require an increase of 100% each to mitigate 
a 78% increase in the peak flow in the 2050s. Results of the study also show that the deployment 
of WSD devices as a single unit would not mitigate the floods of different return periods 
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adequately. However, coupled use of WSD devices can enhance their performance to alleviate 
the risks of frequent as well as severe floods up to a 100-year return period. This study has 
downscaled the future climatic data and quantified the adverse effects on urban catchment 
hydrology and WSD devices however, there are many uncertainties associated with the GCMs 
that has been tried to reduce by the application of multiple GCMs and scenarios.  The variations 
among the projections of selected GCMs indicate the presence of the uncertainties however, 
climate change would adversely affect urban catchment hydrology and the performance of the 
WSD devices would be reduced in the uncertain future. Therefore, this study would be beneficial 
for urban planners and managers for better catchment planning and deployment of WSD devices 
for mitigating the climate change impacts. 
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Chapter 1 Introduction 

1.1. Background 

Urbanization converts natural environments into urban infrastructures such as roads and 

buildings. A drastic increase in the impervious surface of urban catchments reduces infiltration 

and groundwater recharge and, at the same time, increases peak flow and runoff volume 

significantly (Chui et al. 2016; Sohn et al. 2019b). Therefore, the risks of frequent floods are 

increased in urban catchments and even a small storm could result in flooding (Ahiablame and 

Shakya 2016). Additionally, enhanced pollutant loads in the urban catchments significantly 

deteriorate water quality in the urban waterways (Zhang et al. 2019). In the urban areas, grey 

infrastructures such as gutters, curbs and pipes are used for stormwater management and rainfall 

is the key input for their design. Under climate change, it is envisaged that significant variability 

in rainfall will take place which would undoubtedly affect the hydrology of urban catchments. 

The adverse effects of urbanization have been significantly investigated and identified on 

catchment hydrology; however, little is known about the impacts of climate change. 

Urbanization adversely impacts the complete range of flow regimes, i.e., high flows (floods), 

dominant flows (channel-forming flows) and low flows (environmental flows) and also 

deteriorates stormwater quality (Argue 2013; Brown et al. 2009; Fassman-Beck et al. 2013). A 

common assumption made in the previous studies dealing with impacts of urbanization on 

catchment hydrology is that the rainfall would remain the same as their current and past values 

(Akhter and Hewa 2016; Lee et al. 2008; Locatelli et al. 2017). In principle, longer records of 

rainfall can be used as a measure of changing climate conditions within catchments. However, 

recent studies argue that the rainfall can increase or decrease with changing climate conditions 

at both global and regional scale (IPCC 2013a; MEa 2016; NIWA 2016).  

In urban areas and cities, spatial and temporal variability of rainfall results in higher flooding 

risks in some area more than others due to variations in impervious areas. Therefore, high spatial 

and temporal patterns of rainfall because of climate change are required to fully understand 

climate change impacts at urban areas and cities (Emmanuel et al. 2012). However, the rainfall 

data is not typically available at very fine resolutions due to the coarse resolutions of Global 

Climate Models (GCMs) that are the primary source of climate change data. Therefore, urban 

areas and cities are treated as a part of the larger catchments (Emmanuel et al. 2012) and only a 

few studies investigated the change in urban catchment hydrology under climate change 
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(Karamouz et al. 2010; Willems et al. 2012). Additionally, the environment of urban areas 

experiences Urban Heat Island (UHI) that results in a higher 5-6°C temperature compared to the 

countryside (Wilby 2007). Therefore, the impacts of climatic variations in the urban areas are 

unique and substantial and the assessment of these effects at the urban catchment scale would 

be beneficial (Hunt and Watkiss 2011). 

Green Infrastructure (GI) or Water Sensitive Design (WSD) devices have become very popular 

measures to mitigate the adverse effects of urbanization. For sustainable urban development, 

WSD devices are considered vital since they can retain, detain and process stormwater at the 

source using a variety of techniques ranging from swales, bioretention cells, rain gardens, 

wetlands, and permeable pavements to rainwater tanks. These are also called Best Management 

Practice (BMP) and Low Impact Development (LID) in America, Water Sensitive Urban Design 

(WSUD) in Australia, Sustainable Urban Drainage System (SUDS) in England and Sponge City 

in China. The increasing population of Auckland has also increased the problems of stormwater 

quantity and quality issues since the last decade (Green et al. 2012). Auckland Council (AC) 

emphasis the installation of WSD devices both at a lot and regional scale within the catchment 

and has set predefined design standards. It is evident that climate change will impact the rainfall 

in the Auckland region (MEa 2016). There will be reduced annual rainfalls, especially in spring, 

but winters will be wetter with more frequent and high-intensity rainfall events. The projected 

changes in rainfall and imperviousness due to city growth are likely to lead to decreased 

response times and increased peak flows, which will have profound implications on future 

stormwater management (Fassman-Beck et al. 2013). Under this situation, the design and the 

performance of WSD devices may become unreliable. 

In the era of climate change and its adverse impacts on urban catchment hydrology and the 

performance of WSD devices, the present study proposed new approaches to investigate the 

climate change effects at small urban catchments. The research involves dynamical and 

statistical rainfall downscaling techniques to obtain rainfall and evapotranspiration data, 

application of various statistical parameters for comparison of the two downscaling methods, 

assessment of climate change impacts using stormwater model and applications of WSD devices 

to mitigate climate change impacts in the near and far future. This study aims to increase the 

general knowledge of extreme rainfall, urban hydrology and the performance of WSD devices 

at a catchment scale under climate change impacts. This work is a valuable contribution to 

understand the hydrological response due to climate change in the Auckland region where the 

study catchment is located. The development of response curves for design parameters of WSD 

devices under different climate change scenarios is a new area. The results of this study can be 
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used in developing urban catchments using WSD devices in such a manner to mitigate the 

impacts on the hydrological regimes of those catchments under future climate change. This 

thesis shows how different data sets can be put together in order to help in understanding the 

climate change impacts in complex urban catchments. The next section of this chapter outlines 

the contribution of this research to the body of knowledge in climate change, urban catchment 

hydrology and WSD devices in more detail. 

1.2. Research contribution 

The focus of this study is to evaluate the impacts of climate change on urban hydrology at a 

small catchment scale and how the performance of WSD devices can be planned to be at an 

appropriate level to mitigate the climate change impacts at the source level. The study for the 

first has used both the downscaling methods (dynamical downscaling and statistical 

downscaling) to obtain climate change data and compared their abilities at the Lucas Creek 

catchment situated in Auckland as a case study. Observed rainfall data of the last 30 years at the 

Lucas Creek catchment was used to develop a relationship between predictors and predictands 

in the statistical downscaling to obtain future rainfall data for multiple GCMs of the Coupled 

Model Intercomparison Project Phase 5 (CMIP5). This information proved that with the 

availability of sufficient predictands, simple statistical tools can be used to provide good quality 

data at the catchment scale. Subsequently, Personal Computer Stormwater Management Model 

(PCSWMM) is used to assess the variations in the flows, the performance of WSD devices and 

the flood frequencies. This study for the very first time used both Flow Duration Curves (FDCs) 

and Indicators of Hydrological Alterations (IHA) at the urban catchment level. The FDCs 

assessed the changes of peak flow (Q0.001) and low flow (Q90). The IHA include 32 parameters 

arranged into five different groups: magnitude, duration, timing, frequency and rate of change. 

Group 1 includes monthly median flow for twelve months, and group 2 comprises annual 1-, 3-

, 7-, 30-, 90-day maximum and minimum flow and base flow index. Julian data of annual 1-day 

maximum and minimum is included in group 3. Group 4 consists of number and duration of low 

and high pulses. Rise and fall rate and number of reversals (number of times flow is changed 

from one form to another) are included in group 5. This information not only can be used to 

understand climate change impacts on the flows in a detailed manner but can also be used to 

study the behaviour of ecological life in the urban waterways under climate change. 

In recent years, the use of WSD devices has become very popular to alleviate the urbanization 

impacts. However, their performance under non-stationary conditions in the uncertain future is 

not well studied. Therefore, the present study has developed response curves for the selected 
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WSD devices to alter their design standards for the maximum performance under a changing 

climate. Likewise, the capabilities of WSD devices are assessed to alleviate the floods of 

different frequencies as a single unit or as a train indicating that train deployment of WSD 

devices can further retain and detain the quantity of water at the source level. The WSD devices 

are integral parts of the future water sensitive cities and thus their planning and designing under 

climate change are vital for better performance through the life span. Therefore, this study can 

also help in developing such response curves and the deployment of WSD devices as a train in 

the changing future.   

1.3. Research objectives 

The specific objectives of the study are to: 

• Evaluate the performance of the statistical downscaling model for obtaining rainfall 

data at a small urban catchment scale; 

• Compare the capabilities of dynamical and statistical rainfall downscaling and perform 

frequency analysis using the annual maximum series method; 

• Quantify the change in stormwater flow regime due to climate change for the urban 

catchment under different climate change scenarios; 

• Assess the performance of WSD devices under climate change and develop adaptation 

strategies to alleviate impacts at the source level; and 

• Evaluate the performance of WSD trains to maintain flood frequencies or extreme 

flows under climate change scenarios at the baseline. 

1.4. Climate change 

Climate change is defined as a long-term change in the state of climate which is primarily caused 

by natural and anthropogenic activities. The former include natural changes in the earth's climate 

system components and their interactions, volcanic eruptions and variability in solar radiation, 

while the latter includes industrial, agricultural and deforestation activities (IPCC 2013a). Both 

natural and anthropogenic disturbance could affect the energy budget on the surface, resulting 

in the increased globally averaged temperature which has been observed since the mid-20th 

century. Climate change mainly depends on Greenhouse Gases (GHGs) which are essential to 

maintain a stable climate of the earth by warming it with the sun’s heat trapped around its 

atmosphere. Carbon dioxide (CO2), methane (CH4), nitrous oxide (N2O) and 

chlorofluorocarbons (CFCs) are included in the GHGs. Other major drivers of climate change 
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include aerosols, clouds and ozone as shown in Figure 1.1.  The level of GHG has rapidly 

increased since the start of industrialization resulting in too much heat trapped around the earth. 

This phenomenon causes the ‘Greenhouse effect’ which could lead to global warming (Mitchell 

1989). 

 

Figure 1.1 Major drivers of climate change (adapted from IPCC (2013a) 
 

Climate change impacts are studied at the global and the regional levels over the historically 

observed climate patterns. According to IPCC (2013a), global surface temperature has increased 

by 0.74 0C during the period 1906-2005 and the average rate of global mean sea-level rise over 

the 20th century was 1.7 ± 0.2 mm per year. Additionally, the extent of sea ice has decreased and 

the amount of GHG has increased significantly. The frequency and magnitudes of floods and 

droughts have also changed as a result of varied rainfall patterns across the globe (IPCC 2013a; 

Xu 1999a). On the other hand, the average air temperature of New Zealand is increased by 1.0 

°C over the last century, sea level has risen by more than 70 mm and more heatwaves are 

reported across with varied rainfall patterns (IPCC 2007a; IPCC 2013a; WWF 2007). 

Likewise, climate change scenarios called Representative Concentration Pathways (RCPs) are 

used to project climate changes in the future at global and regional levels. According to IPCC 
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(2013b), the four RCP scenarios such as RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5 used in the 

CMIP5 utilise the total Radiative Forcing (RF)  and GHGs as input driving forces to Global 

Climate and Regional Climate Models (GCMs/RCMs) for evaluating the climate change 

impacts and mitigation measures. For global projections in the future, a rise of 0.2°C per decade 

(Figure 1.2) is projected for a range of RCPs between 2010 and 2060 (IPCC 2013a). From 2060 

onwards, the increasing temperature is projected depending on specific emission scenarios. The 

projected global mean temperature increase is 1.80 to 3.70 by the end of this century from 

RCP4.5 to RCP8.5 scenarios while the mean sea-level will increase from 0.36 to 0.52 m (IPCC 

2013a). Following this, heat extremes and waves and heavy rainfall will be very likely in most 

parts of the world. At the regional level, the mean temperature of New Zealand will 

progressively increase with the increase in emissions by 2040, from +0.7°C (RCP2.6) to +1.0°C 

(RCP8.5) and by the end of 2090, +0.7°C to +3.0°C (MEa 2016; MEb 2018). The annual rainfall 

will decrease in the north and the east of New Zealand and increase in the west and the south 

and snow days will be reduced by 2090. According to the Auckland Council (AC 2017), 

Auckland region would experience an increase in temperature between 0.6°C and 5.8°C by 

2090, reduced annual rainfall patterns, severe droughts, extreme rainfall events and a rise in sea 

level by 18-59 cm under moderate projection scenario. 

 

Figure 1.2 The projected rise in global temperature under RCPs (adapted from IPCC (2013a)) 
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GCMs are complex models used to represent the physical processes in the atmosphere, 

cryosphere, ocean and land surface to provide the climatic data (IPCC 2007a). Primarily, the 

GCMs were established to simulate average, synoptic-scale, atmospheric circulation patterns 

but various GCMs have been developed for weather forecasting, better understanding the 

current climate and hence forecast the future changes in the climate (Baguis et al. 2010; Xu 

1999b). Basically, the GCMs divide the globe into a three-dimensional grid of cells to depict 

the climate, with horizontal resolution from 250 to 600 km, 10 to 20 vertical layers in the 

atmosphere and up to 30 layers in the oceans (IPCC 2007b). Two major types of GCMs include 

atmospheric GCMs (AGCMs) and Oceanic GCMs (OGCMs). The combined form of these two 

GCMs is called Atmosphere-Ocean coupled Global Climate Model (AOGCM) (IPCC 2007b). 

Recently, the GCMs have started incorporating sophisticated models of sea ice, carbon cycle, 

ice-sheet and even atmospheric chemistry (IPCC 2013b). Currently, all these processes are 

included in a new climate model called Earth System Model (ESM) (Heavens et al. 2013). The 

Canadian Earth System Model (CanESM2), used in this study, is one of this kind which 

combines AOGCM and the terrestrial carbon cycle based on the Canadian terrestrial Ecosystem 

Model (CTEM) comprising all primary terrestrial ecosystem processes (Chylek et al. 2011). The 

representation of processes in the GCMs is quite coarse and hence all the processes happening 

at the scale lower is not simulated. Therefore, downscaling methods such as dynamical 

downscaling and statistical downscaling are developed to obtain the data at higher resolution or 

station level (Gooré Bi et al. 2017; Wilby et al. 2000).  

GCMs are very powerful and studies dealing with global climate change over large-scale regions 

or continental scales can be done efficiently (Chen et al. 2012; Sunyer et al. 2012). However, 

the coarse spatial resolution constrains the GCMs’ performance in simulating processes at an 

individual cell, such as processes in the hydrological cycle (Wilby et al. 1998). Therefore, 

outputs of the driving GCM are used as boundary conditions in a RCM to give detailed 

information on the local climate system and the process is called dynamical downscaling. 

Ultimately, RCM is a comprehensive, consistent and physical interpolation at the local scale 

(IPCC 2007a; Rummukainen 2010). Primarily, RCM and GCM are based on the same physical 

dynamic description of climate processes. Two-way interaction is lacking in the dynamical 
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downscaling between an RCM and GCM. Additionally, the downscaling process is driven by 

the domain size and resolution which requires a lot of computational time (Pham 2015; 

Rummukainen 1997). In comparison to GCMs, RCMs are much developed to provide the data 

not only at finer spatial resolution of 20 km, 10 km or less (Rummukainen 2010) but also at a 

higher temporal resolution of 6 hours or less (Pham 2015). On the other hand, even though 

GCMs and RCMs are valuable tools; still they are unable to give more detailed information 

required for a small region or catchment that has an extent of less than a single grid cell for 

extreme event analysis and risk assessment (Hashmi et al. 2009; IPCC 2007a). Therefore, the 

statistical downscaling technique is used to fill the gap between the large-scale climate change 

and the local scale response (Wilby et al. 2004). In the statistical downscaling, robust 

quantitative relationships between predictors (large scale atmospheric variables) and 

predictands (local scale surface variables) are developed through the transfer functions (Wilby 

et al. 2004). According to Wilby et al. (1998), the statistical downscaling is based on the 

assumptions that (i) large scale and small scale variables can be connected through suitable 

relationships; (ii) future climate conditions will follow the same observed empirical 

relationships; and (iii) GCMs dually characterize the predictor variables and their changes. 

Under such circumstances, a more reliable and of finer resolution data is produced than the raw 

GCM data at the regional and the local levels for the climate change impact assessment studies. 

These assumptions are the major uncertainty source as a result of some of the controlling 

variables that are missed when climate changes (Chen et al. 2011; Fowler et al. 2007; Khan et 

al. 2006). Statistical downscaling can be categorised by different techniques, however, Giorgi 

et al. (2001) generally classified these into three categories: weather generators, transfer 

functions or regression-based and weather typing schemes. Various uncertainties are transferred 

to the downscaled data and therefore bias correction is applied to remove the errors associated 

with the data. However, it is not possible to remove all the associated uncertainties through bias 

correction as the GCMs are diverse in their nature such as parametrization, resolution, physical 

process representation and interaction (IPCC 2013a; Rummukainen 2010). Therefore, the 

application of multiple GCMs using multiple scenarios, as used in this study, would be superior 

to study the climate change impacts using a single GCM to foresee a broader picture of projected 

scenarios with the associated errors (Cui et al. 2018; Willems et al. 2012; Zhang et al. 2019).  

1.5. Climate change impacts and urban catchments 

Sea level rise and enhanced intensity and frequency of mega-events such as heavy rainfall events 

and droughts are the primary problems to the coastal development due to climate change. 
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However, the alterations in the frequency and magnitudes of extreme rainfall events are more 

sensitive to climate change and can cause dual damage in terms of floods and water 

infrastructure collapse (Pham 2015). Various studies across the globe have documented the 

adverse effects of climate change on rainfall patterns and water resources. The frequencies of 

heavy rainfall have changed across Europe, North America, Asia, Africa and Pacific and more 

frequent precipitation have occurred with some variations in the seasonal rainfall patterns (IPCC 

2013a). The heavy precipitation has experienced a significant change in autumn and spring 

across the United Kingdom (Fowler and Kilsby 2003). Substantial variations in the intensity of 

mega-storms are noticed in the different areas of the USA and Canada (Zhang et al. 2010).  

Numerous studies have documented the impacts of urbanization on the hydrology of urban 

catchments. The hydrology of a landscape is dramatically altered during the process of 

urbanization (Brown et al. 2009; Hamel et al. 2013; Sun et al. 2014; Trowsdale and Simcock 

2011). Urbanization causes the modification of natural land and water systems by eradicating 

vegetation, land grading, soil compaction, and generating impervious surfaces (Ahiablame et al. 

2013; Qin et al. 2013). Urbanization impacts are generally an increase in stormwater runoff rates 

and volumes and a decrease in the groundwater infiltration as shown in Figure 1.3 (FISRWG 

1998). As a result, the floods become more frequent and hence the quality of aquatic habitats 

are degraded. More than 50% surface water pollution is produced by nonpoint sources such as 

impervious surfaces in the urban areas in the US (Younos 2011). In New Zealand, expanding 

urbanization is also deteriorating the stormwater quality, as well as risks of flash floods, are 

increased (AC 2017) and a significant amount of runoff is generated in Auckland (AC 2013).  
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Figure 1.3 Relationship between urbanization and runoff (Adapted from AC (2013)) 
 

However, the debate on assessing the climate change impacts on urban catchments is open and 

needs in-depth investigation at regional as well as catchment level. In a study by Wilby (2007), 

effects of climate change were highlighted in four main areas: urban ventilation and cooling, 

urban drainage and flood risk, water resources, and outdoor spaces. The study of by Wilby 

(2007) further added that it has long been recognized about Urban Heat Islands (UHI) that may 

be up to 5–6°C warmer than surrounding countryside. Climate change impacts on water quality 

and quantity were evaluated by Whitehead et al. (2009) indicating a severe drop in water quality 

of rivers and urban waterways due to increased erosion in the United Kingdom (UK). Regional 

and local level studies can provide a better analysis of the impacts. Also, Hunt and Watkiss 

(2011) highlighted the importance of assessing the impacts of climate change on urban as most 

of them are purely related to urban environments or their effects are enhanced in the urban areas. 

The investigation of high and low flows is required under the climate change at the catchment 

scale for better resource planning and assessment (Huong and Pathirana 2013). According to 

IPCC (2014), the expanding urban areas in New Zealand are projected to worsen risks from sea-

level rise and increases in the severity and frequency of storms and coastal flooding by 2050. 

Although the stormwater quantity and quality issues in the Auckland region have been 
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documented by various studies because of urbanization (AC 2003; Fassman-Beck et al. 2013; 

Green et al. 2012; Moores et al. 2016; Semadeni-Davies 2012), more work is required to 

investigate the impacts of climate change. It is envisaged that application of multiple climate 

change scenarios in order to foresee the adverse climate change impacts on the stormwater 

quantity and quality and catchment hydrology could give the best prediction of mega events. As 

Auckland is a vulnerable city therefore, further assessment is needed for managing the 

stormwater under climate change in a better way while maintaining the natural beauty.   

The conventional stormwater management system was termed as “nuisance” and WSD devices 

were introduced to maintain the natural hydrological cycle (Brown et al. 2009; Newman 2001; 

Pahl-Wostl et al. 2007). The WSD devices include but not limited to bioretention systems, 

permeable pavements, infiltration systems, vegetated swales, wetlands, rainwater tanks and 

detention ponds (AC 2003; AC 2015; Argue 2013; Brown et al. 2009; Lewis et al. 2015; 

Semadeni-Davies 2012; Van Roon and van Roon 2009). WSD devices are designed based on 

rainfall intensity, the volume of water to be captured and the time to get dry before the next 

rainfall event (AC 2003; Argue 2013; Lewis et al. 2015). Rainfall intensity is the most important 

component in the designing and sizing of WSD devices and most often the observed rainfall 

intensities are used for this purpose however, rainfall intensity would be significantly changed 

under climate change. These alterations would affect the designing and performance of WSD 

devices would be altered as shown by some recent studies (Eckart et al. 2017; Semadeni-Davies 

2012; Zhang et al. 2019). The extent of variations in the reliability of WSD devices is different 

at the regional level and can be assessed using different GCMs and climate change models 

(Zhang et al. 2019).  

The assessment of climate change impacts is based on predicting the variations in the rainfall 

and subsequently flow patterns in the urban catchments. Extreme rainfall is directly related to 

rainfall variability. According to Park and Jung (2002), the extreme value distribution fully 

provides a quantitative assessment of extreme precipitation responses to large-scale climatic 

variables. Therefore, the occurrence and magnitude of extreme rainfalls are estimated in this 

regard (Yang et al. 2010). Two different methods are involved in determining the occurrence 

and magnitudes of exceedances, called: the Annual Maximum Series (AMS) and the Partial 

Duration Series (PDS) at a daily time scale. Among the both, AMS has been considered efficient 

to estimate extreme rainfall in a context of climate change that chooses one peak each year 

(Furcolo et al. 1995; Hashmi et al. 2011; Huntingford et al. 2003). Flow Duration Curves (FDCs) 

are also used to assess the variations in the flow regime regarding the relative amount of time a 

particular magnitude of flow can equalled or exceeded  (Egderly et al. 2006; Hamel and Fletcher 
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2014; Lee et al. 2008). However, the Indicators of Hydrological Alteration (IHA) is which is 

considered the most rigorous set of 32 hydrological indices and has been mostly used in the 

riverine studies (Cui et al. 2018; Yang et al. 2008) and in urban areas only a few of them has 

been utilized (Lee et al. 2008). This study for the first time has used both FDCs and IHA to 

assess the variations in flow regime under climate change. To assess the performance of WSD 

devices, many studies have used the relative approach to keep the flows and floods at the 

baseline using different scenarios for both climate change and urbanization (Hamel et al. 2013; 

Lee 2009; Zhang et al. 2019) and some have developed relative indices as well (Mei et al. 2018).  

1.6. Rainfall-runoff model 

This study uses Personal Computer Stormwater Management Model (PCSWMM) to quantify 

the climate change impacts on urban catchment hydrology. PCSWMM maintained by 

Computational Hydraulics International (CHI), Canada (CHI 2019) is a commercial version of 

the Stormwater Management Model (SWMM) developed by the United States Environmental 

Protection Agency (US EPA) (Rossman 2010). SWMM is amongst the most widely used 

rainfall-runoff models in the urban areas (Metcalf et al. 2017; Rosa et al. 2015; Zanandrea and 

Silveira 2018).  

A diverse range of models are available today and based on the data utilization, the rainfall-

runoff model can be categorized based on a temporal and spatial scale (Borah and Weist 2008; 

Cunderlik 2003). Firstly, models can be classified into event-based models and continuous 

models based on the temporal scale where models can use a single event or a continuous time-

series data for simulations (Cunderlik 2003). Secondly, classification based on the spatial scale 

includes lumped, semi-distributed and distributed models (Cunderlik 2003; Elliott and 

Trowsdale 2007; Moradkhani and Sorooshian 2008). Event-based and lumped models are the 

simplest ones and the level of complicity is increased with the distributed and continuous models 

requiring the highest amount data for a variety of parameters. Among the variety of models, the 

selection of the most appropriate model is required for the intended use. However, no 

considerable effort to devise methods of objectively comparing models has made and, no criteria 

have been developed for the best choice of model in a given situation. Agyei et al. (1981) 

emphasize that it is important to be aware of that there is no best model in the absolute sense. 

However, they state some factors affecting the objective selection of a model such as application 

objectives, type and quality of data, catchment characterizes and size, required accuracy and 

time for model calibration.  
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The rainfall-runoff relationship of urban catchments is quite different from natural catchments. 

Urbanization is already known to have a significant impact on the rainfall-runoff relationship 

(Hamel and Fletcher 2014). This situation will be exaggerated under climate change. However, 

most of the rainfall-runoff models take very little explicit account of urban areas in rainfall-

runoff predictions. In large catchments, it is often justified on the basis that urban areas are only 

a small fraction of the total catchment area. While small urban catchments require a specific 

account to be taken of the anthropogenic modifications to the hydrology. Rainfall-runoff models 

are commonly used for assessment of stormwater availability, stormwater quantity and quality, 

catchment characteristics and water resources management (Ahiablame et al. 2012; Akhter and 

Hewa 2016). The validity of these models has been proven both in theory and practical aspects. 

Therefore, these models are valuable tools for assessing the hydrologic characteristics of diverse 

catchments but also for estimating the hydrologic consequences of climatic change. In the urban 

catchments, the two-fundamental input of a hydrologic system, are rainfall and evaporation. 

These become even more important under climate change. The rainfall act as an incoming 

component and evaporation is an outgoing component (Sohn et al. 2019b). Both directly 

influence the stormwater generation from the catchment. Therefore, any changes in rainfall and 

evaporation under climate change impacts disturb the hydrology of a catchment. 

Ten existing stormwater models (MOUSE, MUSIC, P8-UCM, PURRS, RUNQUAL, SLAMM, 

StormTac, SWMM, UVQ and WBM) were reviewed by Elliott and Trowsdale (2007) in relation 

to attributes relevant to modelling WSD devices. In this review, the authors claim that MOUSE 

and SWMM models are suitable for a wide range of uses, although they are too complex to be 

used by the public or non-modeling planners. Similar studies were carried out by Zoppou (1999) 

and Haris et al. (2016) concluding that MOUSE and SWMM are more versatile to simulate 

urban catchments and flows in two dimensional way. Therefore, SWMM is chosen to be used 

to simulate the impacts of climate change on urban catchment hydrology as well as WSD 

devices. 

PCSWMM/SWMM is a dynamical and physically-based distributed model used in urban areas 

(CHI 2019). In the recent years, many studies have used SWMM/PCSWMM to study the climate 

change impacts on urban flooding and behavior of WSD devices to mitigate the climate change 

impacts (Mei et al. 2018; Qin et al. 2013; Sohn et al. 2019b; Zahmatkesh et al. 2015; Zhang et 

al. 2019). However, none of the previous studies have applied PCSWMM/SWMM for the 

multiple RCP scenarios of various GCM ensembles for assessing the variations in the flow and 

flood frequencies. Subsequently, the performance of WSD devices to maintain the flows at the 

baseline is lacking with proper adaptation strategies.  
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1.7. Thesis outline 

This thesis has been written in the form of a “thesis with publications”. It means that, expect the 

introduction and conclusion chapters, each of the four main chapters of the thesis are 

independent papers that either have been published as the journal articles or are under the peer-

review process. These papers sequentially address the objectives of the thesis. Consequently, 

there is an appropriate coherence between the chapters. 

In chapter 2, the application of dynamical and statistical downscaling methods is explained using 

the RCM and SDSM models and a comprehensive comparison of the downscaled time series is 

performed using various approaches. 

Chapter 3 thoroughly investigates the variations in the flow regime under climate change under 

various scenarios using the flow duration curves and indicators of hydrological alterations to the 

flow time series coming from the stormwater model. 

In chapter 4, the performance of WSD devices is evaluated and finally adaptation strategies are 

assessed to mitigate the climate change impacts and keep the flow regime at the baseline level. 

Chapter 5 thoroughly investigates climate change impacts on the flood frequencies and abilities 

of WSD to mimic the climate change impacts. 

Finally, chapter 6 contains the conclusions where all the findings of this study are briefly 

summarised. At the end of this section, the recommendations for future research are also 

presented. 

Since all the main chapters of this thesis are organized as the independent paper, some sections 

in each chapter have been repeated partially. However, these repeated sections generally have 

been carefully modified based on the data used in each chapter. Thus, the inclusion of them can 

help the readers to more easily follow the main discussions in the chapters. 

1.8. Publications 

Following is a list of publications based on the research presented in this thesis: 

• Akhter, M.S., Shamseldin, A.Y., and Melville, B.W. 2017. "Statistical rainfall 

downscaling of a CMIP5 ensemble in urban catchments: An Auckland area case study." 

In 1st International Conference on Water and Environmental Engineering. Sydney, 

Australia. 
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• Akhter, M.S., Shamseldin A.Y., and Melville B.W. 2019. Comparison of dynamical and 

statistical rainfall downscaling of CMIP5 ensembles at a small urban catchment scale.  

Stochastic Environmental Research and Risk Assessment. 

https://doi.org/10.1007/s00477-019-01678-y. 

• Akhter, M.S., Shamseldin, A.Y., and Melville, B.W. 2019. Climate change and urban 

waterways: alterations in the flow regime under multiple ensembles. Water New 

Zealand’s Stormwater Conference 2019, Auckland, New Zealand. 
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change impacts on flow regime in the Lucas Creek catchment using multiple CMIP5 

ensembles. Urban Water Journal. https://doi.org/10.6084/m9.figshare.9900848.v1. 
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Abstract 

Downscaling of future projections of climatic variables from Global Climate Models (GCMs) 

to urban catchment scales is required for stormwater studies as existing GCMs are unable to 

predict the rainfall at high temporal and spatial resolutions. In the current study, the capability 

of dynamical and statistical downscaling methods is evaluated and compared using the rainfall 

data of current climate and future extreme events at a small urban catchment scale. Regional 

Climate Model (RCM) and Statistical Downscaling Model (SDSM) are utilized to downscale 

rainfall data from twelve GCMs under three Representative Concentration Pathways (RCPs) 

(i.e., RCP2.6, RCP 4.5 and RCP 8.5). The daily rainfall data (1985-2015) of Lucas Creek 

catchment located in Auckland, New Zealand is used as a baseline/current climate. The future 

downscaled rainfall data is analyzed in the 2090s (2071-2100). The results showed that both the 

methods performed well in downscaling the current climate. For future projections, SDSM 

underestimated mean daily rainfall at the start of the annual cycle and overestimated towards 

the middle of the year compared to RCM. Similarly, monthly variance and skewness were 

overestimated for some months by SDSM. The GCMs of both the methods also showed 

variations in the future rainfall projections amongst themselves. However, significant alterations 

in the future rainfall were observed compared to the current climate. Rainfall frequency analysis 

was performed by applying the Gumbel distribution to the baseline and downscaled data for 1, 

2, 3, 4, 5, 10, 20, 30, 50 and 100 years return periods. The investigation revealed that RCM and 

SDSM show similar results for low return periods and different results for high return periods 

for the current and future climate. Both the methods forecasted an increase in magnitudes of 

future events however, RCM projections were lower compared to SDSM. The results illustrate 

mailto:a.saleem@auckland.ac.nz
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the downscaling abilities of both the methods at a small urban catchment scale however, the 

contrasting implication in downscaling the rainfall data is related to their different downscaling 

mechanisms. 

Keywords: Urban catchment, rainfall, climate change, RCM, GCM, statistical downscaling, 

dynamical downscaling, SDSM. 

2.1. Introduction 

In the current era, climate change has become an emerging issue around the world. Sea level 

rise, temperature increment and an amplified frequency and intensity of extreme events are 

incidents amongst the consequences related to climate change (IPCC 2013a). The extreme 

events include but not limited to hurricanes, floods, heat waves and desertification (Masson et 

al. 2014). Climate change impacts are exacerbated in urban areas and therefore, increasing 

attention is being paid to cities because of the increased frequency of extreme events. At present, 

Global Climate Models (GCMs) are key sources to provide climate change information at both 

global and regional scales (IPCC 2007a). However, GCMs have a very coarse spatial resolution 

which is not suitable for hydrological models to investigate both climate change impacts and 

adaptation investigations at regional and catchment scales (Hashmi et al. 2011; Tatsumi et al. 

2014). Consequently, downscaling procedures have been established to obtain the 

climatological variables at a suitable fine spatial resolution and the station scale (IPCC 2013a). 

Primarily, two available downscaling methods named dynamical and statistical downscaling are 

commonly utilized to examine the impacts of climate change at the catchment scale and mostly 

each of them is utilized independently (Wilby 2007).   

Dynamical downscaling purely encompasses Regional Climate Models (RCMs). RCMs require 

initial and boundary conditions as the inputs to downscale climate data for required periods 

which are the outputs of GCMs (Rummukainen 2010). Numerous RCMs are used across the 

globe including USA, West Africa, Southwest Asia, Central Asia and Europe to project rainfall 

and other climatic parameters (Schmidli 2007). Most of the RCMs have high spatial resolution 

typically ranging from 50 km to 25 km. However, at present,  RCMs are being used for climate 

modeling at 10 km or even higher resolution, and these are usually used for regional climate 

change projections (Rummukainen 2010). The National Institute of Water and Atmospheric 

Research (NIWA), New Zealand is using the RCM; HadRM3P (Hadley Centre Regional 

Climate Model, version 3) to study climate variability effects on a local level at 5 km resolution 

in New Zealand (MEa 2016). More details of RCM applications at the NIWA can be accessed 

from the Ministry for the Environment’s report (MEa 2016; MEb 2018). 
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Conversely, statistical downscaling involves local scale climatic variables (predictands) and 

large-scale climatic variables (predictors), and a statistical relationship is developed between 

them. Statistical downscaling is usually used to obtain the station level climatic information for 

hydrological studies (Wilby and Dawson 2007). Mostly, several models based on regression and 

stochastic approaches are employed to downscale the data. Among the statistical downscaling 

methods, a commonly used tool is Statistical Downscaling Model (SDSM) that runs a 

combination of regression-based processing and stochastic weather generator, and it is freely 

accessible to the broader community (Wilby et al. 2002). Numerous studies have documented 

the use of SDSM mostly for natural or rural catchments (catchments with minimum 

anthropogenic alterations in their characteristics) to downscale surface air temperature, rainfall, 

and evapotranspiration (Azmat et al. 2018; Borges et al. 2017; Hasan et al. 2018; Hashmi et al. 

2011; Wang et al. 2012). Only a few have applied SDSM in urban catchments such as SDSM 

was applied to Dhaka city (1530.84 km2) to predict the variations in mean rainfall and air 

temperature in the future (Ahmed Shourav et al. 2016). Molavi et al. (2011) used SDSM to 

examine the climate change effects on the urban flooding in the Eastern part of Melbourne. The 

study area in the Eastern Melbourne was 29.25 km2 and the frequency analysis was performed 

under the A1 and B1 scenarios of Assessment Report 4 (AR4) of the Intergovernmental Panel 

on Climate Change (IPCC). Both the studies found that SDSM is quite useful to downscale the 

mean and extreme rainfall and temperature in urban catchments.  

There are some benefits and shortcomings linked to dynamical and statistical downscaling 

methods. The dynamical method is a physically-based approach that involves regional 

numerical models and gives physically consistent results, but it is computationally demanding. 

The statistical method is efficient to compute, simple to apply, and sufficient to produce results. 

However, it needs high quality observed data to make a reliable relationship between 

predictands and predictors (Wilby and Dawson 2007; Willems et al. 2012). An extensive detail 

about these methods as well as their benefits and shortcomings can be found in Fowler et al. 

(2007) and Rummukainen (2010). Both methods are equally crucial for downscaling climate 

change data and studying impact analysis. However, statistical downscaling methods are not 

considered best for extreme events (Wilby et al. 2002) while dynamic methods are considered 

quite suitable (Yoon et al. 2012). Borges et al. (2017) and Willems et al. (2012) recommended 

adopting multiple downscaling procedures to inspect the climate change impacts properly. They 

believed that the statistical downscaling is a simple method that can result in misinterpretation 

of the fundamental theory and therefore, producing misleading projections for future studies. 

Several studies have compared the simulation of rainfall data in many parts of the world by 
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adopting dynamical and statistical downscaling approaches (Boé et al. 2007; Gutmann et al. 

2012; Murphy 1999; Su et al. 2017; Tang et al. 2016).  Spak et al. (2007) applied dynamical and 

statistical downscaling methods to produce present climate and future projections of climatic 

variables in North America. They observed that both the methods produced comparable results 

for the current climate however, exhibited a considerable disagreement in the future projections. 

Su et al. (2017) compared the performance of dynamical and statistical techniques in 

downscaling observed in the Heihe River Basin of China. The results indicated that both the 

methods generated the observed rainfall patterns very well, but some variations were noted at 

the spatial distribution of rainfall at upstream and downstream.  

Climate change has exacerbated the vulnerability of cities and the evaluation of climate change 

effects on urban environments is necessary at an urban catchment scale (Jiang et al. 2017). Wilby 

(2007) highlighted the effects of changing the climate in the urban environment through four 

major areas: stormwater and drainage, heating and cooling, water resources and open spaces. 

Wilby (2007) further added that Urban Heat Islands (UHI) result in an increase of 5-6°C 

temperature compared to the countryside. Warm environment most likely increases the rainfall 

intensity in urban catchments as more moisture is held by the warm atmosphere (Carter et al. 

2015; Masson et al. 2014). As the impacts of climatic variations in the urban areas are unique 

and significant; therefore, the advantages of urban catchment scale assessments would be 

enhanced (Hunt and Watkiss 2011). In urban catchments, runoff volume and peak is increased, 

and time of concentration is decreased leading towards flooding (Willems et al. 2012). 

Generally, urban areas are studied as the part of larger catchments due to non-availability of 

observed data at high spatial scale therefore, all the climatic variables are averaged over the 

entire catchment. However, in reality, each part of the larger catchment can behave differently 

as a result of spatial variability of rainfall and impervious level, and flooding probability could 

be increased (Emmanuel et al. 2012). Faurès et al. (1995) and Arnaud et al. (2002) proposed to 

install a dense network of rain gauges to record the spatial variability in the urban areas for better 

flood management. Climate change will exaggerate the rainfall intensities and frequencies 

causing more severe and frequent floods in urban catchments. Therefore, a proper investigation 

is vital to inspect the rainfall behaviors in urban catchments at higher spatial scales to take the 

adaptation measures for minimizing climate change impacts.  

Many studies have utilized either dynamical downscaling or statistical downscaling methods to 

examine climate change impacts. Nevertheless, little is known about the applicability of the two 

downscaling methods at a small urban catchment scale, and no comparative investigation is 

performed. The specific objective of this study is to evaluate the capabilities of dynamical and 
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statistical downscaling methods in producing the current rainfall and their results in predicting 

the future rainfall from multiple ensembles of the Coupled Model Intercomparison Project phase 

5 (CMIP5). Subsequently, frequency analysis is performed to analyze the extreme rainfall 

changes predicted by both the methods.  

2.2. Study catchment and data 

The Lucas Creek catchment is a small urban catchment located in the north of Auckland. The 

total area of the catchment is 626.35 ha, and Figure 2.1 shows the catchment map. Since the 

1980s, the catchment has undergone significant urban development. At present 55% of the 

catchment is urbanized and encompasses both residential and commercial dwellings (AC 2017). 

Urbanization has deteriorated stormwater quality and ecological life in the catchment and risks 

of flooding is being increased in low-lying areas (Moores et al. 2016). Climate change and dense 

urbanization would further intensify the stormwater-related problems. Therefore, the catchment 

has been put under Stormwater Management Area control Flow-1 (SMAF-1) in the latest 

Auckland Unitary Plan (AUP) indicating that catchment discharges to high value and sensitive 

stream (AC 2017). Auckland Council (AC) has installed several gauge stations in the 

surroundings to measure rainfall and stormwater quantity and quality. The nearest rainfall 

station called Oteha at Rosedale Pond is located at latitude -36.74759, longitude 174.71563. The 

observed rainfall data of the last 31 years (1985-2015) at a daily time step was obtained for 

Oteha station, and some of the characteristics of the observed data are shown in Table 2.1. This 

rainfall data is used in the present study to represent the current climate. It also provides a 

baseline against which the future projections due to climate change can be compared. 
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Figure 2.1 Location of the Lucas Creek catchment 
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Table 2.1 Statistical characteristics of observed rainfall data 

Month Mean (mm) Maximum (mm) Median (mm) Variance (mm2) Skewness 

January 2.44 82.67 0.00 65.47 6.02 

February 1.91 77.00 0.00 49.60 6.28 

March 2.66 101.56 0.00 79.24 6.34 

April 2.57 66.92 0.00 53.83 4.98 

May 3.73 104.40 0.00 87.11 5.05 

June 3.79 66.99 0.51 62.27 3.91 

July 4.88 106.27 0.54 110.24 4.30 

August 3.93 47.74 0.51 54.15 2.96 

September 3.22 85.46 0.00 52.72 4.26 

October 2.95 70.59 0.00 47.52 4.60 

November 2.18 66.39 0.00 29.53 4.62 

December 2.45 88.73 0.00 50.32 5.50 

 

The dynamically downscaled rainfall and evapotranspiration data were obtained from NIWA, 

New Zealand for Fifth Assessment Report (AR5) of the IPCC. The data from RCM was 

available at 5 km grid and daily time scale for six GCMs as presented in Table 2.2. These GCMs 

would be named with their GCM number in the Among the GCMs used in the present investigation 

table such as GCM1, GCM2, GCM3, GCM4, GCM5 and GCM6 in the rest of the paper. The 

CMIP5 consists of four scenarios in terms of Representative Concentration Pathways (RCPs) 

called RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5 and further details can be found in IPCC 

(2013a). Three outputs of CMIP5 ensembles: RCP 2.6 (low emission scenario that leads 

Radiative Forcing (RF) to 3.1 W/m2 by 2035 and drops to 2.6 W/m2 by 2100), RCP 4.5 (medium 

stabilization scenario that leads RF to 4.5 W/m2 beyond 2100), and RCP 8.5 (high emission 
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scenario that leads RF to 8.5 W/m2 by 2100) were utilized for comparison purposes in this 

evaluation. 

Similarly, GCMs used for the statistical downscaling are presented in Table 2.2 with bold 

numbers such as GCM7, GCM8, GCM9, GCM10, GCM11 and GCM12. The data of the 

National Centre of Environmental Prediction (NCEP) large-scale climatic variables (predictors) 

ranging from 1985-2015 were obtained from SDSM website maintained by Wilby (2015a) for 

the Auckland region. Large-scale predictors of GCM7 (Table 2.2) for AR5 were obtained from 

the Government of Canada (GoCa 2017) at a daily time step. Likewise, large-scale predictors 

of GCM8 were downloaded from the German Climate Computing Center (DKRZ 2018) and 

predictors of GCM9, GCM10, GCM11 and GCM12 were downloaded from Lawrence 

Livermore National Laboratory (LLNL 2018).  

GCMs can be categorized into wet, median or near normal and dry GCMs based on their 

prediction of changes in the rainfall patterns. Wet GCMs show a significant rise in rainfall and 

median GMs show a nominal rise in rainfall over the study area. However, dry GCMs show a 

decrease in the rainfall (Ashley et al. 2005). Among the GCMs used in the present investigation, 

GCM1, GCM2, GCM3, GCM4, GCM5, GCM6 and GCM7 were found to be wet GCMs for 

Weihe River Basin in China (Ashley et al. 2005). On the other hand, GCM5 and GCM3 were 

also reported as median GCM and dry GCM, respectively for Chindwin River basin in Myanmar 

(Ghimire 2019). 
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Table 2.2 List of GCMs and downscaling methods (Bold GCM numbers correspond to SDSM) 

GCM 

No. 

GCM 

abbreviation 

GCM Name Downscaling 

method 

1 CESM1.CAM5 Community Earth System Model-Community 

Atmosphere Model 

RCM 

2 / 8 BCC.CSM1.1 Beijing Climate Centre Climate System Model RCM / SDSM 

3 / 9 GFDL.CM3 Geophysical Fluid Dynamics Laboratory coupled 

climate model 

RCM / SDSM 

4 / 10 GISS.E2.R Goddard Institute for Space Studies-

ModelE/Russell 

RCM / SDSM 

5 / 11 HadGEM2-ES Hadley Global Environment Model 2-Earth 

System 

RCM / SDSM 

6 / 12 NorESM1.M The Norwegian Earth System Model RCM / SDSM 

7 CanESM2 Second Generation Canadian Earth System 

Model 

SDSM 

 

2.3. Methodology 

CMIP5 ensembles are utilized for dynamical and statistical downscaling through HadRM3P 

RCM and SDSM. The adopted methodology for this study is demonstrated in Figure 2.2. 

Primarily, the methodology can be described in three major steps; step I (dynamical 

downscaling), step II (statistical downscaling) and step III (data analysis). These steps are 

further explained separately in the coming sections. The downscaled rainfall data is analyzed 

for baseline and future periods and this is followed by frequency analysis under RCP 2.6, RCP 

4.5 and RCP 8.5. 
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Figure 2.2 Schematic flowchart of the methodology  

2.3.1. Step I: Dynamical downscaling 

The AR5 of the IPCC consists of numerous GCMs and selection of appropriate GCMs for the 

local conditions is one of the major steps. Many studies have discussed the pros and cons of the 

GCM selection procedure (McMahon et al. 2015; Raäisaänen 2007; Smith and Chandler 2010). 

However, the selection of GCMs can be based on three broader categories: (1) the ability of 

GCMs to produce the present climate / baseline, (2) the agreement of different GCMs on the 

future climate predictions, and (3) the capability of GCMs to simulate observed changes in the 

past (MEa 2016; Raäisaänen 2007). At NIWA, GCMs are selected based on the first approach 

where GCM simulated data is compared to the observed data taking 1986-2005 as the baseline 

/ current climate (MEa 2016). Among 49 GCMs of the AR5, 41 was chosen while remaining 

were ignored due to their inability to produce long time series of projections or some technical 

glitch that did not allow climate data to be downscaled at NIWA servers. It was noted that the 

projected climate changes by the six selected GCMs were neither the lowest nor the highest of 
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all the 41 GCMs (MEa 2016). The average of the six GCMs (2.84ºC) was almost equal to the 

average ensemble warming of 41 GCMs (2.88ºC) change from 1986-2005 to 2081-2100 under 

RCP 8.5 at the regional level and there is no significant advantage by including al the 41 GCMs. 

Therefore, selected six GCMs were taken at NIWA as the representatives of all the 41 GCMs 

and were used for dynamical downscaling (MEa 2016; MEb 2018). In order to use multiple 

CMIP5 ensembles for this study, the data of all the six dynamically downscaled GCMs at NIWA 

were used for comparison purposes. 

The dynamical downscaling procedure at NIWA involves the use of an Atmospheric Global 

Climate Model (AGCM),  Hadley center Atmospheric global climate Model 3P (HadAM3P), 

forced by CMIP5 ensembles using sea ice fields and Sea Surface Temperature (SST) data (MEa 

2016). Significant biases are observed in historical periods of SST data at the local and world 

scale (MEa 2016). To overcome this issue and in order to reduce the global circulation biases, a 

bias correction is performed to the monthly SST data for the complete baseline period, which is 

obtained at a high-resolution grid. Following this, AGCM simulations are used to extract 

improved boundary conditions to run the RCM, Hadley centre Regional Climate Model, version 

3 (HadRM3P). Finally, dynamically downscaled projections are obtained over the New Zealand 

region. However, another bias correction is performed for the RCM domain to improve the 

regional projections (MEa 2016).  

For rainfall data, Linked empirical Modelled and Observed Distribution (LeMOD) is used for 

minimizing the biases. In LeMOD, the biases in the frequency distribution of the model data, 

are removed using a semi-empirical statistic technique. European center for medium range 

weather forecasts’ Re-Analysis (ERA-40) data is utilized to run the RCM that simulates climatic 

data. In this run, the biases are caused because of model errors and a poor representation of local 

conditions. In order to bias correct the RCM simulations, the difference between the ERA-40 

re-analysis data and Virtual Climate Station Network (VCSN) gridded observed data are used 

to estimate the correction factor on the daily temporal scale. The correction factor is used to 

remove errors in the daily data of RCM for historical period and future predictions (MEa 2016; 

MEb 2018). Further details about LeMOD can be found in Sood (2015). 

An additional adjustment for rainfall data is also implemented to simplify the impact assessment 

through observations. The bias is calculated at every grid point of VCSN observations and the 

model for each simulation for the baseline period (1986–2005). Based on VCSN, all the time 

series including past and future coming from the model are going through the subtraction of bias 

to get data at fine resolution (5 kilometers grid) (MEa 2016). The bias-corrected data using 
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LeMOD gives higher values of temporal correlation and lesser root mean square error compared 

to raw data or quantile matching method mostly used for bias correction. This bias correction 

method eventually helps to minimize the errors in the future climate projections. At present, 

NIWA is dynamically downscaling rainfall data from six GCMs as discussed in section two 

using RCM. The catchment area was taken as the aerial domain for this study to obtain the 

rainfall data and finally, one grid of the VCSN stations was selected to extract the data. The 

rainfall data from all the six GCMs were obtained for the baseline as well as future projections 

(2071-2100).  

2.3.2. Step II: Statistical downscaling 

Following the dynamical downscaling, the same set of six GCMs as in the case of dynamical 

downscaling is used for statistical downscaling. However, due to non-availability of large-scale 

predictors for GCM1, a different GCM (GCM7) was selected for comparison purposes. All other 

dynamically downscaled GCMs had the same corresponding GCMs for statistical downscaling 

using SDSM as mentioned in Table 2. SDSM adopts regression and stochastic approaches for 

mathematical relation building and downscaling the climatic data (Wilby et al. 2002). Rainfall 

is taken as a conditional process in SDSM. Five key steps performed in the operation of SDSM 

are (1) predictor screening; (2) calibration; (3) generation of baseline data; (4) production of 

climate change circumstances, and (5) data analysis (Wilby et al. 2002). In this study, SDSM 

(Version 4.2) was used (Wilby 2015b), and fourth root transmission was also set to contemplate 

the skewed behavior of rainfall data. Additionally, some other parameters such as event 

threshold and bias correlation were attuned to acquire the best match between baseline and 

simulated rainfall. For the event threshold and bias correction, a variety of values were tested 

using the trial and error method. Finally, 0.3 for event threshold and 1.08 and 1.60 for bias 

correction were found to be the best combination for GCM7 and GCMs (8-12), respectively. As 

GCM8, GCM9, GCM10, GCM11 and GCM12 have the same set of large-scale variables 

therefore for calibration purposes, GCM8, GCM9, GCM10, GCM11 and GCM12 are termed as 

GCMs (8-12) in the coming sections. 

In statistical downscaling, selection of appropriate predictor domain plays a crucial role which 

could be based upon a statistical downscaling technique applied and study area under 

investigation (Kannan and Ghosh 2011). The predictor domain in the previous studies has 

ranged from multiple grids to a single grid such as Najafi et al. (2011) used Independent 

Component Analysis (ICA) to select multiple grids over the catchment and Hassan et al. (2014) 

selected two grids. In this study, one grid of all the GCMs (GCM7 and GCMs (8-12)) was 
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selected covering the whole catchment area. Although NCEP provides twenty-nine large-scale 

variables for re-analysis dataset however, GCM7 only runs with twenty-six different 

atmospheric variables. Therefore, twenty-six matching variables were taken from the daily data 

of the NCEP for 1985–2015. On the other hand, seven matching atmospheric variables were 

taken for GCMs (8-12). Similarly, data related to RCP 2.6, RCP 4.5 and RCP 8.5 of GCM7 and 

GCMs (8-12) were obtained from 2071 to 2100. GCM10 did not provide daily large-scale 

climatic variables under RCP 2.6. Therefore analysis is only performed under RCP 4.5 and RCP 

8.5. The NCEP data and GCMs (8-12) data were interpolated to match the grid size with the 

GCM7 data so that all the GCMs have the same grid size. Some variables such as precipitation 

and wind direction of the NCEP and GCM7 data were found to be not normalized. 

Normalization of the climatic data is required to remove the variations between the observed 

and the raw GCM data. The normalized data ensures that GCM large-scale predictors and the 

observed data have a close agreement and maintain reasonable statistical assumptions during 

the downscaling process (GoCb 2018). Therefore, all the atmospheric data were normalized to 

maintain the consistency as given by the following equation (Hassan et al. 2014); 

𝑢𝑢�𝑡𝑡 =  𝑢𝑢𝑡𝑡−𝑢𝑢�
𝜎𝜎𝑢𝑢

                                                                                                          (1) 

where 𝑢𝑢�𝑡𝑡 is the normalized parameter at t time, ut is actual value at t time, 𝑢𝑢� is average of all the 

data, and standard deviation (σu). 

The selection process of appropriate predictors was developed by the acceptable linkage 

between predictor and predictands. For this purpose, explained variance and correlation 

coefficient is considered to be important support (Huang et al. 2011). The partial correlation 

coefficient was set to 95% confidence level with the observed data (p < 0.05) to gain the best 

set of the coefficient of determination and standard error (Wilby et al. 2002).  

The rainfall data of Lucas Creek catchment and the NCEP predictors data during 1985-2015 

were divided into two slices: 1985-2005 and 2006-2015. The first slice (1985-2005) was used 

for calibration and the second slice (2006-2015) was used for model validation. Model 

calibration was done utilizing the seven chosen NCEP predictors for the GCM7 and three chosen 

NCEP predictors for the GCMs (8-12) over the annual cycle of the observed data. Azmat et al. 

(2018) and Hashmi et al. (2011) have adopted the same method to calibrate SDSM. Both the 

researchers selected the predictors through screening and transformation of the observed data. 

However, Hashmi et al. (2011) also performed partial correlation analysis outside of SDSM in 

order to achieve higher values of the partial correlation coefficient as discussed in section 2.4.1. 

Following this, model validation was done with an independent data set. An evaluation of the 
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observed and modeled rainfall series was done to analyze the model performance by monthly 

mean of daily rainfall and Coefficient of variation (Cv). The calibrated model was run to 

downscale projected rainfall series for future scenarios. 

2.3.3. Step III: Projected time series analysis 

In this study, the baseline period was taken as 1985-2005 while the comparison is performed in 

the 2090s (2071-2100). The dynamically downscaled data is available over a grid of 5 km x 5 

km and SDSM downscale the data at station level. Therefore, dynamically downscaled data was 

also averaged at a single VCSN station close to the Oteha station for spatial comparison. The 

comparison is performed through monthly means, variance and skewness for the daily time 

series. Percentage variations in the current and future rainfall are also calculated between the 

two downscaling methods. Following this, frequency analysis is done using the Annual 

Maximum (AM) data. Frequency analysis is used to get return periods of different events. 

Therefore, frequency analysis can be an important tool to inspect the effects on the variability 

of extreme events’ magnitude under changing the climate. HYFRAN-PLUS software (El 

Adlouni and Bobée 2015) was used for frequency analysis and Extreme Value type I (EV-I), 

the Gumbel distribution was found to be adequately fitting the AM data. 

2.4. Results 

2.4.1. Baseline scenario comparison 

The dynamically downscaled data was directly obtained from the NIWA. However, for 

statistical downscaling; SDSM was used to perform the preliminary correlation analysis 

between the observed rainfall and the NCEP predictors which resulted in non-satisfactory 

results. Subsequently, outside of SDSM cross-correlation analysis was performed to enhance 

the correlation coefficients. Among the various attempts, the lag of one day was identified as 

the best option to get the highest possible correlation between predictor and predictand values. 

Therefore, all the predictors were lagged one day (lag -1). The absolute correlation coefficient 

(r) values resulting from correlation analysis are presented in Figure 2.3. It can be seen from the 

figure that the values of absolute correlation coefficients for most of the predictors are more 

than the minimum satisfactory limit (r > 0.15) as indicated in numerous prior studies (Borges et 

al. 2017; Hashmi et al. 2011). Overall, for the daily rainfall data, it is observed that the predictor-

predictand correlation is not high (Wilby and Dawson 2007; Wilby et al. 2002). Correlation 

coefficient explained variance and p-value were used for screening the most relevant predictand 
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and the individual predictors in SDSM. In result, seven predictors which were found more 

sensitive to the observed data for GCM7 were selected as demonstrated in Table 2.3. Similarly, 

following the same procedure, three predictors were selected for GCMs (8-12) (Table 2.3). 

Subsequently, the calibration of SDSM was based on all the selected predictors. Some other 

studies have also adopted a similar process to choose the suitable predictors for SDSM 

calibration (Hashmi et al. 2011; Huang et al. 2011). 

 

Figure 2.3 Absolute values of the correlation coefficient between the observed rainfall and the 
NCEP predictors 
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Table 2.3 Details of the NCEP predictors (bold ones are used in the calibration of GCM7 and 
italic ones for GCMs (8-12)) 

Pr# Variable Description Pr# Variable Description 

1 ncepmsl Mean sea level pressure 14 ncepp8-f Geostrophic airflow velocity at 
850 hPa 

2 ncepp1-f Geostrophic airflow velocity near the 
surface 

15 ncepp8-u Zonal velocity component at 
850 hPa 

3 ncepp1-u Zonal velocity component near the 
surface 

16 ncepp8-v Meridional velocity component 
at 850 hPa 

4 ncepp1-v Meridional velocity component near 
the surface 

17 ncepp8-z Vorticity at 850 hPa 

5 ncepp1-z Vorticity near the surface 18 ncepp8th Wind direction at 850 hPa 

6 ncepp1th Wind direction near the surface 19 ncepp8zh Divergence at 850 hPa 

7 ncepp1zh Divergence near the surface 20 ncepp500 500 hPa geopotential height 

8 ncepp5-f Geostrophic airflow velocity at 500 
hPa 

21 ncepp850 850 hPa geopotential height 

9 ncepp5-u Zonal velocity component at 500 hPa 22 ncepprcp Precipitation total 

10 ncepp5-v Meridional velocity component at 
500 hPa 

23 ncepps500 Specific humidity at 500 hPa 
height 

11 ncepp5-z Vorticity at 500 hPa 24 ncepps850 Specific humidity at 850 hPa 
height 

12 ncepp5th Wind direction at 500 hPa 25 ncepshum Near surface specific humidity 

13 ncepp5zh Divergence at 500 hPa 26 nceptem Mean temperature at 2m 

 

The simulated and the observed daily rainfall values during calibration and validation are 

explained in Figure 2.4. Figure 2.4a illustrates comparisons of the modeled and the observed 

monthly mean daily rainfall and its coefficient of variation (CV) during calibration. The monthly 

mean daily rainfall values are reproduced excellently with a coefficient of determination (R2) 

equal to 0.90 for GCM7 and 0.75 for GCMs (8-12). In January and December, the mean daily 

values are underestimated to some extent and similarly, in June, August, September, October 

and November, the values are overestimated for GCM7. For GCMs (8-12), the mean daily 

values are overestimated over the annual cycle except for February. There can be some 

uncertainties associated with this difference in observed and simulated rainfall such as 

simplification of some complex climate processes and incapability of SDSM to simulate natural 

climate variability. Nevertheless, SDSM replicated the coefficient of variation of the observed 

rainfall satisfactorily for the Lucas Creek catchment. The coefficient of the variation of four 

months (January, February, April and May) for GCM7, simulated by SDSM was less compared 

to the observed values. An acceptable alignment was observed amongst the simulated and the 

observed coefficient of variation for the other eight months. The coefficient of the variation for 
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GCMs (8-12) is mainly overestimated in January, July and October and provides a good 

agreement for the rest of the months. 

Following the reasonable calibration, SDSM is validated using the data of 2006-2015, and the 

results obtained are shown in Figure 2.4(b). The coefficient of determination (R2) equal to 0.80 

was obtained during validation for GCM7 and 0.56 for GCMs (8-12). For GCM7, the monthly 

mean daily rainfall was slightly underestimated during May, June, and December. While during 

January, April and July, the rainfall is overestimated to some extent. On the other hand, GCMs 

(8-12) overestimated during January, March, August and September while underestimated 

during February. Nevertheless, the coefficient of variation of the rainfall was higher that of the 

observed data during most of the months of the annual cycle for GCM7 and GCMs (8-12). Being 

a hybrid or regression-based model, SDSM is only capable of capturing a small fraction of 

climate changeability in the observed rainfall data. The regression models are sometimes not 

considered to be good enough to capture the extreme events which make the downscaling 

process a bit challenging. The extreme events are supposed to be beyond the ability of regression 

models leading towards low values of coefficients of determination (Wilby et al. 2002). Overall, 

the results reveal that SDSM is satisfactorily validated. 
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Figure 2.4 SDSM performance during a) calibration period (1985-2005) and b) validation period 
(2006-2015) 

The performance of both the downscaling methods is investigated under current climate prior 

to their evaluation for the future scenarios. The dynamically downscaled data for six GCMs 

(GCM1, GCM2, GCM3, GCM4, GCM5, and GCM6) and statistically downscaled data for other 

six GCMs (GCM7, GCM8, GCM9, GCM10, GCM11, and GCM12) are compared with the 

baseline observed rainfall (1985-2005) to assess their capability to generate the current climate. 

Figure 2.5 shows the results for dynamically and statistically downscaled data and the baseline 

for the monthly mean daily rainfall on the annual cycle. The Pearson correlation coefficients 

(Rodgers 1988) and p-values for the baseline and the downscaled rainfall data is illustrated in 

Table 2.4. The maximum monthly mean daily rainfall is observed in July followed by June and 

August for the baseline. On the other, November, December, January and February have the 

minimum rainfall in the annual cycle. Some of the dynamically downscaled GCMs have 

monthly cycles not correlated to the baseline such as GCM3 in June and GCM4 in January and 
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February. Overall, the statistically downscaled data has shown variations in the middle of the 

year during the months June, July, August and September. However, GCM7 has reproduced the 

annual cycle variations compared to the baseline data very well and GCM10 has shown the 

highest variations amongst the statistically downscaled GCMs. Overall, it is evident that 

monthly mean daily rainfall is well simulated by the downscaling methods however, the 

improvement fluctuates from model to model. For the Pearson correlation coefficient (r), RCM 

driven by GCM5 and GCM6 have shown the highest (r = 0.824) and the lowest was for GCM4 

(r = 0.663). On the other hand, SDSM has presented the best results for GCM7 (r = 0.994) and 

the lowest for GCM11 (r = 0.59). The GCMs with r-values less than 0.56 have shown p-values 

more than 0.05. Overall, it can be seen that both methods have replicated the rainfall close to 

the baseline. 

 

Figure 2.5 Comparison between the baseline and the downscaled data for the current climate 
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Table 2.4 Correlation coefficients and p-values for the baseline and the downscaled data of all GCMs 

  Baseline GCM12 GCM11 GCM10 GCM9 GCM8 GCM7 GCM6 GCM5 GCM4 GCM3 GCM2 GCM1 p-value 
 

<0.00001 0.001 0.0434 0.0171 0.0034 0.01125 <0.00001 0.0011 0.0011 0.0195 0.0014 0.0033 0.0041 Baseline 

GCM1 1 <0.00001 0.00006 0.0011 <0.00001 0.0027 0.00033 0.0011 0.0018 0.02811 0.00002 0.0022 0.007 GCM12 

GCM2 0.68 1 <0.00001 0.0049 0.00033 0.0351 0.02213 0.0582 0.0699 0.0831 0.005 0.039 0.076 GCM11 

GCM3 0.84 0.84 1 <0.00001 0.00033 0.00023 0.00276 0.00016 0.0022 0.0082 0.0005 0.0014 0.0041 GCM10 

GCM4 0.59 0.59 0.71 1 <0.00001 0.0001 0.0014 0.0028 0.0027 0.10585 0.00033 0.0022 0.0059 GCM9 

GCM5 0.72 0.64 0.79 0.65 1 <0.00001 0.0082 0.00062 0.0022 0.1234 0.0097 0.0033 0.025 GCM8 

GCM6 0.73 0.75 0.81 0.70 0.90 1 <0.00001 0.0011 0.0011 0.0195 0.0005 0.0022 0.0014 GCM7 

GCM7 0.81 0.79 0.85 0.66 0.82 0.82 1 <0.00001 0.00006 0.01125 0.0014 0.005 0.007 GCM6 

GCM8 0.64 0.77 0.71 0.46 0.79 0.84 0.72 1 <0.00001 0.02213 0.0022 0.025 0.008 GCM5 

GCM9 0.74 0.79 0.86 0.49 0.78 0.78 0.81 0.89 1 <0.00001 0.0097 0.043 0.043 GCM4 

GCM10 0.76 0.81 0.85 0.72 0.79 0.88 0.78 0.87 0.86 1 <0.00001 0.0006 0.0006 GCM3 

GCM11 0.53 0.60 0.75 0.52 0.54 0.56 0.65 0.61 0.86 0.67 1 <0.00001 0.015 GCM2 

GCM12 0.73 0.79 0.92 0.63 0.80 0.82 0.86 0.78 0.95 0.82 0.90 1 <0.00001 GCM1 

Baseline 0.76 0.77 0.81 0.66 0.82 0.82 0.99 0.70 0.77 0.75 0.59 0.82 1   

r- value GCM1 GCM2 GCM3 GCM4 GCM5 GCM6 GCM7 GCM8 GCM9 GCM10 GCM11 GCM12 Baseline   

*Bold values indicate the correlation coefficients having p-values > 0.05
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Apart from comparing the baseline data with the current climate data downscaled, an 

intercomparison of dynamically and statistically downscaled data was also made. The 

percentage difference between the dynamically downscaled and the statistically downscaled 

GCMs is measured for comparing the efficiency of both the methods to downscale the current 

climate and results are shown in Figure 2.6. The variations of all the six GCMs are within range 

of -50% to 60% over the annual cycle except GCM3, GCM5 and GCM6 in January. March, 

September and October are the months with maximum concertation of GCMs and with 

minimum variations for most of the GCMs. The intercomparison data is also provided in the 

tabular form (Appendix A) in the supplementary data.  

 

Figure 2.6 Variations of the dynamically downscaled data from the statistically downscaled data 
for the current climate 

 2.4.2. Projected scenario comparison  

The dynamically and statistically downscaled time series are compared under RCP 2.6, RCP 4.5 

as well as RCP 8.5 in the 2090s. The outcomes are presented in terms of mean daily rainfall, 

monthly variance and skewness for all the GCMs.  

Figure 2.7 shows the analysis results of all the GCMs under RCP 2.6 in the 2090s. The 

dynamically downscaled projected daily rainfall for all the six GCMs is comparable and in 

agreement with each other expect GCM3 in August and GCM4 in June and September (Figure 

2.7a). In contrast, the statistically downscaled GCMs have shown fluctuations in the daily 

rainfall data. The highest rainfall is projected in April, July, August and September while the 

lowest is projected in February compared to the RCM. The variation in future rainfall might be 
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related to the incapability of SDSM to simulate the local climate factors regarding large-scale 

predictors over New Zealand. Variations in the projection of future rainfall among twelve GCMs 

also exist. Figure 2.7b shows a comparison in terms of monthly variance. The dynamically 

downscaled data illustrate a wide range of variance for all the GCMs. The most significant 

variation (164 mm2) is predicted by GCM3 and GCM4 in March, April and September. 

Conversely, the lowest value (32 mm2) is given by GCM5 in January. The statistically 

downscaled data show the highest values of the monthly variance in April for GCM8 (500 mm2). 

From June to November, GCM7 has shown the lowest monthly variance of all the GCMs. 

January and December are the only months where all GCMs look concentrated for the monthly 

variance in the 2090s. Regarding monthly skewness (Figure 2.7c), both dynamically and 

statistically downscaled rainfall data has followed a very close relationship except GCM4, 

GCM7, GCM9 and GCM12 during March, April, September and December. The data from all 

the GCMs have shown a positively skewed nature. 
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Figure 2.7 Comparison of a) daily mean rainfall b) monthly variance c) monthly skewness under 
RCP 2.6 in the 2090s 
Figure 2.8 shows the results of the downscaled data of all the GCMs under RCP 4.5 in the 2090s. 

The dynamically downscaled projected daily rainfall for all the six GCMs is comparable and in 

agreement with each other expect GCM3 in March (Figure 2.8a). In contrast, statistically 
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downscaled projected daily rainfall for all the six GCMs have shown fluctuations. GCM7, 

GCM9 and GCM10 have projected higher rainfall in February, March, April, July and August. 

While most of the statistically downscaled GCMs have forecasted a decrease in the daily rainfall 

in January in comparison to dynamically downscaled GCMs. 

Figure 2.8b shows a comparison in terms of monthly variance. Among the RCM downscaled 

data, monthly variance ranges from 50 to 100 mm2 for most of the GCMs. However, GCM3 and 

GCM5 give very high values for March and February, respectively. The statistically downscaled 

data of GCM8 and GCM11 show the highest values of the monthly variance in April (480 mm2). 

Towards the end of the year (June to November), GCM7 has shown the lowest monthly variance 

of all the GCMs. Regarding monthly skewness (Figure 2.8c), dynamically and statistically 

downscaled rainfall data have followed a very close relationship except for GCM6, GCM5, and 

GCM11 at January, February and October, respectively. 



 

40 
 

 

Figure 2.8 Comparison of a) daily mean rainfall b) monthly variance c) monthly skewness under 
RCP 4.5 in the 2090s 
Similarly, the data analysis for RCP 8.5 in the 2090s is demonstrated in Figure 2.9. Figure 2.9a 

shows that a notable variation is observed among all the GCMs used for dynamical and statistical 

downscaling especially in April and August. However, the performance of both the methods is 
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improved towards monthly variance over the annual cycle except in April (Figure 2.9b). For 

monthly skewness, GCM5 and GCM10 show the most significant fluctuations in April and 

October (Figure 2.9c). The analysis of the future projections under all the three RCPs is also 

presented in Appendix B in the supplementary data. 
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Figure 2.9 Comparison of a) daily mean rainfall b) monthly variance c) monthly skewness under 
RCP 8.5 in the 2090s 
Intercomparison of the dynamically downscaled data was also performed to the statistically 

downscaled data under RCP 2.6, RCP 4.5 and RCP 8.5. Figure 2.10 illustrates the variation in 

daily rainfall predictions of six dynamically downscaled GCMs compared to six statistically 

downscaled GCMs. GCM1 in the figure shows the percentage difference between GCM1 and 

GCM7 and all others show the difference from their corresponding GCMs. It can be seen from 

the figure that all the GCMs have followed the same pattern of variations in the prediction of 

future rainfall except GCM1. However, the maximum and minimum limits have been 

fluctuating among all the three RCPs. For RCP 2.6, the variations in the rainfall are fluctuating 

from -52 % to 83% over the annual cycle (Figure 2.10a). The variations observed under RCP 

4.5 vary from -50% to 130% and all the GCMs show a good agreement over this variation except 

GCM1 (Figure 2.10b). Similarly, all the six GCMs under RCP 8.5 have experienced a variation 

range of -56 % to 138% as shown in Figure 2.10c. The largest positive variations are observed 

in January, September and October under all the three RCP scenarios. On the other hand, the 

maximum negative variations are noticed in the first three months of the annual cycle. While 

the rest of the months almost follow the same level of variation as observed in the downscaling 

of the current climate. The intercomparison data of the future projections is also provided in the 

tabular form (Appendix C) in the supplementary data. 
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Figure 2.10 Variations of the dynamically downscaled data from the statistically downscaled 
data in the 2090s under a) RCP 2.6, b) RCP 4.5, and c) RCP 8.5 
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 2.4.3. Frequency analysis  

Initially, the suitability of Gumbel distribution for the present study is analyzed in HYFRAN-

PLUS (El Adlouni and Bobée 2015) using visual plotting of modeled rainfall and observations, 

as shown in Figure 2.11. According to the figure, the Gumbel distribution is very well in line 

with the observed AM data confirming that Gumbel distribution is a reasonable choice for the 

rainfall frequency analysis of this study under climate change scenarios. 

 

Figure 2.11 Gumbel extreme distribution fitting for the baseline AM data 
Once the suitability of Gumbel distribution is confirmed to the baseline data, 95% confidence 

level is fixed on acquiring the upper confidence and the lower confidence limits. Following this, 

the Gumbel distribution is fitted to the AM series obtained from thirteen datasets and rainfall 

magnitudes corresponding to the nine return periods (1, 2, 3, 5, 10, 20, 30, 50 and 100 years) 

are obtained as displayed in Figure 2.12. From the figure, it can be seen that the magnitudes of 

rainfall for the nine return periods are successfully reproduced by only one of the six 

dynamically downscaled GCMs (GCM1). The Gumbel distribution magnitudes are well within 

the Lower Confidence Limit (LCL) 2.5% and Upper Confidence Limit (UCL) 97.5%. All other 

GCMs have resulted in higher rainfall magnitudes with GCM6 having the highest amounts. On 

the other hand, amongst the statistically downscaled GCMs, GCM7 and GCM8 have simulated 

values within 95% confidence limits. All other GCMs have resulted in higher rainfall 

magnitudes with GCM 10 following the most unusual pattern and having the highest amounts 

at higher return periods. It appears that the low return period (N=1-10 year) rainfall is well 

simulated by both the methods than high return period (N=20-100 year) rainfall, as variations 

between the baseline and the modeled rainfall magnitudes increase with the increase in the return 
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period. Based on the results presented, the dynamical downscaling method performed poor than 

the statistical downscaling at simulating the AM rainfall. However, both the methods performed 

better at the low return periods.  

 

Figure 2.12 Gumbel distribution magnitudes of the baseline and the downscaled rainfall AM 
series 
The results for the rainfall frequency analysis of the future downscaled data are shown in Figure 

2.13. The rainfall magnitude produced by the Gumbel distribution using RCP 2.6, RCP 4.5 and 

RCP 8.5 in the 2090s is illustrated in the figure for selected return periods. The Gumbel 

estimates of the dynamically downscaled data predict an increment in the magnitude of rainfall 

events of high return periods, while a reduction is suggested for one-year return period events. 

Under RCP 2.6, a significant increase is predicted in the magnitude of the 100-year return period 

varying from 150 mm to 296 mm (Figure 2.13a). Overall, dynamically downscaled GCMs 

predict a lower increase in rainfall magnitudes compared to statistically downscaled GCMs for 

most of the return periods. Comparing the two methods, GCM1 and GCM7 have shown the least 

variations in their predictions. Generally, GCM3 and GCM4 show an agreement with their 

predictions, and similarly GCM6 and GCM7 have indicted the same level of increments in the 

intensity of the rainfall over all the selected return period except the 1-year return period. GCM8 

has predicted a sharp decline in the rainfall intensity at 1-year return period. All the GCMs have 

projected an increase under RCP 4.5. However, no close agreement is observed in the 

magnitudes between corresponding GCMs except GCM1 and GCM7 and GCM5 and GCM11 
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which show the minimum variations in their predictions (Figure 2.13b). Although, GCM6 and 

GCM10, and GCM8 and GCM11 have shown similarities in their predations in the 2090s. Under 

RCP 8.5, GCM1 and GCM7 have forecasted the same predictions of all the high magnitude 

events confirming that both the methods have very well captured the increments (Figure 2.13c). 

Amongst others, GCM4 and GCM6 as well as GCM2 and GCM3, have shown similarities in 

the predicted rainfall depths. GCM8 forecasts the highest increase in the magnitude of rainfall 

events indicating that the amount of a 100-year event at present will be equal to a 3-year event 

in the future. Likewise, the 100-year event at present would be increased by a multiple of 1.5 in 

the future under RCP 4.5 and RCP 8.5. Both the downscaling methods have a difference in the 

basic concepts of simulating the rainfall data which is resulting in a different picture of future 

rainfall events. In the dynamical downscaling, RCM uses the initial and boundary conditions of 

an AGCM to downscale the rainfall. Conversely, statistical downscaling method deals large-

scale predictors as the representative of all the changes in atmospheric patterns and variations 

under the umbrella of a GCM and these are considered to be more reliable. Although both the 

methods have presented variations in the prediction of extreme events’ magnitudes; however, it 

is most likely that the Lucas Creek catchment would observe high intensities and frequencies of 

extreme events in the future. 
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Figure 2.13 Gumbel distribution magnitudes of the baseline and the future AM series in the 
2090s under a) RCP 2.6, b) RCP 4.5 and b) RCP 8.5  

2.5. Discussion 

The major aim of this study is to compare the dynamically and statistically downscaled rainfall 

at a small urban catchment scale from multiple CMIP5 ensembles. For this purpose, RCM and 

SDSM have been used to generate the current climate and future projections from multiple 

CMIP5 ensembles based on the data for the current climate. The results indicate that SDSM was 

satisfactorily calibrated and validated; however, it was not able to simulate the coefficient of 

variation adequately. Wilby et al. (2004) pointed out that downscaling models achieve poor 

results in order to simulate the coefficient of variation and standard deviation of the observed 

rainfall. Hashmi et al. (2011) also found that SDSM exhibits some differences in the mean 

rainfall and standard deviation during calibration and validation. The dynamical and statistical 

methods performed quite well in downscaling the current climate data compared to the baseline 

with insignificant variations. However, the percentage variation in the dynamically downscaled 

data from the statistically downscaled data was different in different months over the annual 

cycle. The study conducted by  Su et al. (2017) observed the different level of biases in different 

months of the annual cycle in the downscaled data from dynamical and statistical methods. 

However, due to the application of multiple ensembles in this work, it becomes clear that some 

GCMs have performed better than others.  

On the other hand, the analysis of the future projections under RCP 2.6, RCP 4.5 and RCP 8.5 

from both the downscaling methods reveal different levels of rainfall predictions. Most of the 

dynamically downscaled GCMs predict the equal levels of rainfall increase in the 2090s. 

However, there is a contradiction between dynamical and statistical methods. The statistical 

downscaling method predicts less increase in rainfall at the start of the year and more towards 

the middle of the year compared to the dynamical method. Both the methods showed nominal 

variations for the current climate however, this variation has turned out to be significant in the 

2090s mainly in April and August. Like mean daily rainfall, the discrepancies were also visible 

among all the twelve GCMs in the frequency analysis under the three RCP scenarios in the 

2090s. Various studies have pointed out this critical point in different regions of the world that 

dynamical and statistical downscaling methods provided the projections for the current climate 

more accurately than the future projections. Significant discrepancies were observed in the 

dynamical and statistical downscaling of future climatic projections by Tang et al. (2016)  in the 

local investigation of China. They investigated the future climate projections using single GCM 
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for each of the downscaling methods at the regional scale. However, the selection of fine 

resolution small catchment in the present study could result in further disagreements and 

therefore the involvement of multiple GCMs could provide a broader perspective of the 

discrepancies. Gutmann et al. (2012) evaluated the dynamical and statistical downscaling at the 

mountains of Colorado and noted a significant difference between the precipitation predictions 

forecasted by both the methods. They also observed significant variations in the spatial 

changeability of precipitation over the region and discussed the applicability of multiple 

downscaling methods for improving the projections. Considering high spatial variabilities of 

rainfall, downscaling of the rainfall data at fine resolutions or small catchments becomes 

necessary. In Sweden, the results of dynamical and statistical rainfall downscaling at monthly 

and annual scale showed that the statistical method presents higher temporal and spatial 

variation than the dynamical method (Hellström et al. 2001). Both the downscaling methods 

have shown contradictions in the future projections however, it becomes clear that the future 

climate would undergo specific changes and would be different from the historical climate. In 

future, most likely, an increment would be observed in the magnitudes of extreme rainfall events 

as they become more frequent in most of the regions of New Zealand (MEa 2016). All the GCMs 

have projected rise in overall rainfall of the Lucas Creek catchment. Therefore, these GCMs can 

be classified as wet GCMs which is similar to the work done by Ashley et al. (2005) in Weihe 

River Basin, China. 

Climate change projections are linked to many uncertainties coming from various sources. The 

uncertainties can be embedded due to 1) natural climate variability at local scale 2) future RCP 

scenarios, 3) resolution of GCMs, 4) their structure and parametrization, and 5) downscaling 

methods (Ouyang et al. 2014; Smith and Chandler 2010). Many of these uncertainties are hard 

to figure out due to the non-availability of enough information or multiple model runs. Lorrey 

et al. (2017) pointed out that major source of uncertainties in climate change studies in Auckland 

region is due to differences between climate model simulations, simplification of some complex 

climate processes in the models and inherent natural climate variability not captured by model 

simulations. The downscaling methods transfer all these associated uncertainties to station level 

or grid scale data, and they have some limitations that further results in uncertainties (Boé et al. 

2007; Wilby et al. 2000). For instance, during dynamical downscaling, RCM directly uses the 

boundary conditions coming from GCM and therefore, inherit all the GCM associated 

uncertainties (Rummukainen 2010; Spak et al. 2007). On the other hand, Wilby and Dawson 

(2007) highlighted that SDSM works on following assumptions: 1) GCM has reproduced all the 

predictors realistically, 2) observed alteration in the climate are well captured by the predictors, 
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and 3) the predictor-predictand relationship would be valid under climate change scenarios. Bias 

correction is performed using the observed or re-analysis data in order to reduce the 

uncertainties. However, this process requires a longer time series of high-quality observed data 

and bias correction cannot remove all the uncertainties. Therefore, multiple ensembles are used 

to acquire a broader perspective of climate change projections. The multiple ensembles can be 

used to estimate confidence limits for the future projections of climate changes indicated by 

individual GCMs (MEb 2018). Additionally, a better representation of the physical landscape 

and increased resolution would reduce the systematic errors associated with the dynamical 

downscaling method. Longer observed data and an extensive variety of predictors to capture the 

local climate variability would improve the statistical downscaling for better predictions. There 

is a vast discussion on the identification and improvement of all the uncertainties. The shift from 

emission scenarios to RCPs is an improvement towards better future projections. The 

development of next-generation GCMs is improving their resolution, structure and 

parametrization process. It is also pointed out that the new generation of GCMs might not be 

able to perform better than previous versions (Smith and Chandler 2010). However, an 

estimation of the uncertainties associated with the climate projections would be important for 

designers, planners and policymakers. 

The present study has focused on the downscaling of present and future rainfall projections 

using dynamical and statistical methods at a small urban catchment; however, several limitations 

are also associated that need to be considered. During the downscaling of rainfall at regional 

level or larger catchments, it is assumed that spatial distribution of rainfall would remain the 

same under future scenarios. However, we believe that if a catchment is divided into sub-

catchments with various locations of observed data and these assumptions are made at the 

smaller scales, then there is a possibility to get much-improved rainfall predictions. These 

improved projections at very high resolution along with other catchment characteristics such as 

land use would be significant to investigate the climate change impacts at the smaller urban 

catchment scale. The dynamical downscaling used six GCMs against the statistical downscaling 

that used five same GCMs and one different GCM. The availability of a maximum number of 

large-scale variables matching with the NCEP data and long enough observed rainfall data could 

have been beneficial for improving the calibration of SDSM. A single grid of 5 km x 5 km 

covering the catchment area was selected as the domain for the dynamically downscaled data. 

However, the selection of multiple grids could enhance the efficiency of results as rainfall is a 

very complex phenomenon.  
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2.6. Conclusions and recommendations 

Dynamical and statistical downscaling methods play an essential role to create a connection 

between high-resolution GCMs and local climate responses at the station level. The study is 

designed for the evaluation and comparison of dynamically and statistically downscaled rainfall 

projections at a small urban catchment. The RCM (dynamical model) and SDSM (statistical 

model) were utilized to generate the observed rainfall series and project the future changes from 

CMIP5 ensembles in the Lucas Creek catchment. Following conclusions could be obtained from 

this piece of work: 

• The calibration and validation of SDSM were done using the observed data and 

performed well in the simulation of the rainfall time series. A satisfactorily good linear 

relationship was noticed between the simulated rainfall through the NCEP data and the 

observed rainfall. During the calibration for GCM7, the coefficient of variation of the 

simulated rainfall in January, February, April, and May was less that of the observed 

data. On the other hand, the coefficient of the variation for GCMs (8-12) was mainly 

overestimated in January, July and October and provided a good agreement for the rest 

of the months during calibration. During validation, the coefficient of variation of the 

rainfall was higher that of the observed data during most months of the annual cycle for 

all the GCMs. 

• Some of the dynamically downscaled GCMs had annual cycle not correlated to the 

baseline like GCM3 in June, GCM4 in January and February which overestimated the 

baseline rainfall. The statistically downscaled data has shown variations mainly in the 

middle of the year during months June, July, August and September However, the annual 

cycle of baseline rainfall was very well reproduced by GCM7. GCM10 has shown the 

highest variations amongst the statistically downscaled GCMs. Overall, monthly mean 

daily rainfall and correlation coefficients were well simulated by the downscaling 

methods; however, the improvement fluctuates from GCM to GCM. Additionally, the 

intercomparison of the dynamically downscaled data with statistically downscaled data 

showed that the variations of all the six GCMs are within range of -50% to 60% over the 

annual cycle except GCM3, GCM5 and GCM6 in January. 

• The projected data was compared under RCP 2.6, RCP 4.5 and RCP 8.5 in the 2090s. A 

notable variation was observed among all the six dynamically downscaled GCMs. 

However, the statistically downscaled GCMs show an underestimation of future rainfall 

at the start of the annual cycle and overestimation towards the middle of the year. The 
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dynamically and statistically downscaled data showed good performance towards 

monthly variance except in April and September where statistically downscaled data 

overestimated values. For monthly skewness, under RCP 2.6, GCM4 and GCM12 

reveals the highest variations in December and April, and GCM5 shows the most 

considerable fluctuations in February and April under RCP 4.5 and RCP 8.5. 

Intercomparison of dynamically and statistically downscaled GCMs shows that there is 

a substantial variation in the rainfall predictions in the 2090s in January and September 

under all the three RCP scenarios. 

• Frequency analysis of the AM series for baseline and downscaled rainfall in the 2090s 

under three scenarios was carried out to inspect the ability of both the methods to predict 

the occurrence of storm depths. The Gumbel estimates of the AM rainfall amounts for 

nine return periods as well as their corresponding 95% CL were obtained. The 

investigation revealed that Gumbel estimates of one of the six dynamically downscaled 

GCMs (GCM1) was within 95% CL. However, two of the statistically downscaled data 

(GCM7 and GCM8) were within 95% CL. Under RCP 2.6, the dynamically downscaled 

GCMs predict a lower increase in rainfall magnitudes compared to the statistically 

downscaled GCMs for most of the return periods. However, GCM1 and GCM7 show 

the minimum variations in their predictions. GCM8 has predicted a sharp decline in the 

rainfall intensity at 1-year return period. All the GCMs have projected an increase under 

RCP 4.5. Amongst all GCMs, GCM1 and GCM7, and GCM5 and GCM11 have shown 

the minimum variations in their predictions. Likewise, GCM1 and GCM7 have shown 

similarities in the predicted rainfall magnitudes under RCP 8.5. Overall, for the 

predictions of future events, both the methods produced somewhat comparable 

magnitudes; however, it is hard to decide in favor of either of them.  

• Although variations were observed between both the downscaling methods; however, it 

is evident that the future climate will not be the same. All the GCMs showed an 

increment in the mean monthly rainfall predominantly in June, July and August. 

Similarly, large events would become more frequent and their magnitudes would be 

multiplied in the future putting more load on the urban environments and drainage 

networks. All the GCMs were found to be wet GCMs for the Lucas Creek catchment. 

This investigation demonstrates the capability of both dynamical and statistical downscaling 

methods to obtain rainfall data at a small urban catchment scale. The rainfall data can be 

downscaled at higher temporal and spatial resolutions using statistical methods. Both the 

downscaling methods have a difference in the basic concepts of simulating the rainfall data that 
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is resulting in a different picture of future rainfall events. A better representation of the physical 

landscape and increased resolution would reduce the systematic errors associated with the 

dynamical downscaling method. Longer observed data and an extensive variety of predictors to 

capture the local climate variability would improve the statistical downscaling for better 

predictions. The outputs produced by GCMs inherit uncertainties associated with them, and 

therefore, this element is mandatory to consider during the impact assessment investigations. 

The downscaled daily rainfall data could be further disaggregated into hourly data to inspect the 

impacts of climate variability at higher temporal scale. Additionally, suitable hydrological 

models could be used to convert the rainfall time series into discharge for investigating the 

behavior of the drainage network in the small urban catchments. Such studies would allow urban 

catchment planners/managers to use the best available resource to mimic the climate change 

impacts in urbanized catchments.  

 

 

 

 

 



 

54 
 

Chapter 3 Investigation of climate change 

impacts on flow regime in the Lucas Creek 

catchment using multiple CMIP5 ensembles 

Abstract 

Climate change is projected to affect the flow regime in urban waterways adversely. This study 

investigates the climate change impacts on the flow regime in the Lucas Creek catchment under 

three Representative Concentration Pathways (RCPs): RCP 2.6, RCP 4.5 and RCP 8.5. Flow 

Duration Curves (FDCs) and Indicators of Hydrological Alteration (IHA) methods are used to 

assess flow regime variations. Results of FDCs show a maximum rise of 370% in peak flow 

under RCP 4.5 however, low flow increases by 40%.  Monthly streamflow increases up to 380% 

except for October and December. Similarly, the majority of the IHA parameters also show at 

least a 10% increase in their magnitudes under RCP 8.5. However, some parameters such as 

high pulse duration and rise rate decrease by 50% under RCP 4.5. The catchment would mainly 

suffer severe impact variations under RCP 4.5 and RCP 8.5 in the future.  

Keywords: climate change, urban waterways, flow regime, PCSWMM, flow duration curves, 

indicators of hydrological alterations. 

3.1. Introduction 

Catchment characteristics such as impervious areas and drainage networks are extensively 

changed during the process of urbanization. Numerous studies have examined the adverse 

effects of urbanization in terms of increased peak runoff and volume (Lee et al. 2008; Hamel 

and Fletcher 2014; Akhter and Guna 2016; Willuweit, O'Sullivan, and Shahumyan 2016). 

However, in the current era, rainfall variations under the changing climate are emerging as 

another influencing factor (Nie et al. 2009). It is envisaged that, as a result of climate change, 

magnitudes of rainfall events would be intensified in the future which can further impact the 

runoff peak, timing, and volume (IPCC 2013). Currently, Global Climate Models (GCMs) are 

the only major source of information for investigating the impacts of changing climate at the 

local and regional scale (Rummukainen 2010). However, the outcomes of GCMs are produced 

at coarser spatial resolutions, which are not appropriate to be used directly by the hydrological 
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models. Therefore, statistical and dynamical downscaling methods are utilized to obtain the 

climatic variables at the station level and the catchment scale. Further details about the 

downscaling methods can be found in IPCC (2013), Rummukainen (2010) and Wilby et al. 

(2000). Many studies focusing on the assessment of effects of the changing climate has been 

restricted to the outputs from a single GCM (Hashmi, Shamseldin, and Melville 2011; Kabiri, 

Bai, and Chan 2012). However, it has been shown that the application of multiple ensembles 

improves the predictions of climate change analysis. Cui et al. (2018) used three GCMs in the 

Yellow River region of China and showed that the ensemble mean of all the GCMs provided 

better agreement with the observed data. Similarly, Su et al. (2013) examined the performance 

of 24 GCMs over the twentieth century indicating that multiple GCMs can provide lower and 

upper limits of the uncertainties associated with them.  

Biodiversity and the aquatic ecosystem are closely related to the hydrological cycle and the 

natural flow regime in the waterways (Cui et al. 2018). Urbanization, without adequate 

mitigation used, usually deteriorate the health of urban waterways and as a result, biodiversity 

is diminished (Lee et al. 2008). Climate change would further worsen the vulnerability of the 

urban catchments as indicated by various studies (Praskievicz and Chang 2009; Berggren et al. 

2014; Arnbjerg-Nielsen 2012). Franczyk and Chang (2008) found that climate change would 

significantly amplify the effects of urbanization on runoff peak and volume at monthly, seasonal 

and annual scales. Da silva et al. (2018) inspected the impacts of climate change on flooding in 

the urban watersheds of Brazil. Their results showed that climate change has severe impacts on 

urban flooding and more hazard conditions would be generated as a result of disturbed water 

regime. Nyaupane et al. (2017) found that design storm depths of Gowan watershed would be 

significantly increased under climate change disturbing the hydrological cycle and causing 

frequent urban flooding in the catchment. Sunde et al. (2018) even found that climate change 

impacts would be severed than urbanization in central Missouri. Additionally, the urban 

environments usually observe a higher temperature of 5-6°C because of the Urban Heat Island 

(UHI) which would be further intensified under the changing climate (Wilby 2007). These 

studies have highlighted the climate change effects on the urban catchment’s hydrological cycle 

however, climate change, urban development and flow regime have a complex relationship and 

therefore, warrant more investigations. 

The impacts of climate change would have regional differences as indicated by previous studies. 

Auckland is New Zealand’s largest and fastest growing city and has already started experiencing 

the risks associated with climate change such as tropical storms, heat waves and droughts (ACa 

2017). The Lucas Creek catchment is situated on the north of Auckland. In the last few decades, 
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the land has been developed for residential and commercial purposes in the catchment. Various 

issues related to flooding, erosion, fish barriers, riparian margins, land instability, stormwater 

contaminants, habitat and community protection have already been identified as the key 

challenges within the catchment (NSC 2010). Stormwater quality has already been deteriorated 

which has shown adverse effects on the ecological life around the stream and varied flow 

patterns have enhanced the risks of frequent floods in low-lying areas (Moores et al. 2016). 

Stormwater quantity and quality problems would be further multiplied under climate change 

and dense urbanization. Consequently, the Auckland Council (AC) in the Auckland Unitary 

Plan (AUP), has categorized the Lucas Creek catchment in Stormwater Management Area 

control Flow-1 (SMAF-1) signifying that the catchment is of high importance and is discharging 

to a sensitive channel (ACa 2017). Constant and continuous availability of environmental flow 

is very important for the ecological life of the Lucas Creek catchment. Under the projected 

adverse impacts of climate change such as intensive rainfall, extended UHI and high 

evaporation, the AC has recently declared a climate emergency in the region (ACb 2019). 

Similarly, Akhter, Shamseldin, and Melville (2019) found that rainfall patterns of the Lucas 

Creek catchment would be extensively varied by climate change causing significant 

interruptions in the flow regime of the catchment. Therefore, investigation of alterations in the 

flow regime under climate change is well worthy of understanding the environmental effects. 

A plethora of hydrological indices has been recognized to estimate the variations in the flow 

regime (Richter et al. 1996; Butchart-Kuhlmann et al. 2018; Roesner and Bledsoe 2003). The 

alterations in the flow regime could be noticed from the changes in the shape of a simple 

hydrograph and Flow Duration Curve (FDC). In urban catchments, a different combination of 

these indicators is usually applied to assess the land-use modification effects on the health of 

the stream varying from single indicator the 95th percentile (Q95) (Hamel and Fletcher 2014) to 

multiple indices (Egderly et al. 2006). However, Richter et al. (1996) established the Indicators 

of Hydrological Alteration (IHA) which is considered the most rigorous set of hydrological 

indices and has been widely utilized in the riverine studies (Cui et al. 2018; Yang et al. 2008). 

The IHA has 32 indicators that cover different parts of the flow regime, and most of the time; 

not all of them are used in the urban catchment (Lee et al. 2008). There are numerous studies 

with a different level of hydrological indices from the FDCs and partially from the IHA method 

to assess the urbanization impacts on the urban waterways (Akhter and Guna 2016; Hamel and 

Fletcher 2014). However, in urban catchments, studies associated with the climate change 

effects have been mostly focused on the analysis of extreme floods to assess the behavior of 

drainage networks (Berggren et al. 2014; Semadeni-Davies et al. 2008). Therefore, the 
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assessment of alterations in the full flow regime in the urban waterways using continuous 

simulation and multiple ensembles remain lacking to date. Additionally, the applicability of all 

the 32 IHA parameters at the urban catchment scale under climate change is still unclear.   

The present study investigates the climate change impacts on the flow regime in the Lucas Creek 

catchment using multiple Coupled Model Intercomparison Project phase 5 (CMIP5) ensembles. 

The specific objectives of the investigation are to: (1) assess the effects of climate change on the 

flow regime based on the FDC, and (2) evaluate the ability of the IHA method to quantify the 

alterations in the flow regime under climate change. The investigation is valuable for decision-

makers and planners on stormwater and ecological health in the Lucas Creek catchment and 

other urban waterways in the Auckland region. However, the methodology is transferable to any 

part of the world showing that applicability of multiple GCMs along with multiple hydrological 

indices could provide a better picture of flow regime alterations under climate change. 

3.2. Methodology 

3.2.1. Study area and data 

The Lucas Creek catchment has a total drainage area of 626.35 ha as shown in Figure 3.1a. 

Current land use statistics of the catchment show that approximately 55% of the catchment is 

urbanized (ACa 2017). The drainage network is maintained in the catchment. However, all the 

stormwater is eventually released to the open channel Lucas Creek.  The AC and the National 

Institute of Water and Atmospheric Research (NIWA) have installed several meteorological 

stations in the surroundings of the Lucas Creek catchment to record rainfall, evapotranspiration 

and stormwater quantity and quality (Figure 3.1a). The length of data varies at different 

meteorological stations because of their closure or relocation. Three stations named Albany, 

Torbay and Oteha were selected for this study and rainfall data was obtained for them. Mean 

areal rainfall over the catchment was estimated by the Thiessen polygon method. The mean 

annual rainfall in the catchment varies from 1104 mm to 1155 mm while mean annual 

evapotranspiration in the catchment varies from 848 mm to 1017 mm. Similarly, a flow gauge 

has been installed at the outlet of the catchment at the Gills road point. The observed daily flow 

data from 2007 to 2016 was available for model calibration and validation. The mean annual 

discharge of the catchment varies from 36 m3/s to 73 m3/s. There are two major storage units 

and some small ponds in the catchment. Due to non-availability of detailed data and for model 

simplification, only major storage units were included in the model. The spatial datasets such as 
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land-use and Digital Elevation Model (DEM) also obtained from the AC (Figure 3.1b and 3.1c). 

DEM has 1 m x 1 m resolution. 

 

Figure 3.1 The Lucas Creek catchment: a) boundary and hydro-meteorological stations, b) major 
land-uses and c) digital elevation model 
 

The rainfall and potential evapotranspiration data of GCMs were used from the CMIP5. The 

CMIP5 consists of Representative Concentration Pathways (RCPs) and further details can be 
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found in IPCC (2013). Three outputs of the CMIP5 ensembles under RCP 2.6, RCP 4.5 and 

RCP 8.5 were selected for this study. RCP 2.6, being the lowest emission scenario, leads 

Radiative Forcing (RF) to 3.1 W/m2 by 2035 and drops to 2.6 W/m2 by 2100. RCP 4.5 is a 

medium scenario, which leads RF to 4.5 W/m2 beyond 2100, and RCP 8.5 is the highest 

emission scenario that leads RF to 8.5 W/m2 by 2100. Statistical Downscaling Model (SDSM) 

was applied to downscale data from the second-generation Canadian Earth System Model 

(CanESM2) at daily time step. The detailed downscaling process is discussed in Akhter, 

Shamseldin, and Melville (2017). On the other hand, dynamically downscaled and bias-

corrected data were acquired from the NIWA, New Zealand. At the NIWA, the data was 

downscaled using Regional Climate Model (RCM) at 5 km grid at daily time scale for six GCMs. 

The GCMs include HadGEM2-ES (Hadley Global Environment Model 2-Earth System), 

CESM1.CAM5 (Community Earth System Model-Community Atmosphere Model), 

BCC.CSM1.1 (Beijing Climate Centre Climate System Model), GFDL.CM3 (Geophysical 

Fluid Dynamics Laboratory coupled climate model), GISS.E2.R (Goddard Institute for Space 

Studies-ModelE/Russell) and NorESM1.M (The Norwegian Earth System Model). The 

selection of GCMs by the NIWA involves their ability to downscale the observed climatic 

variability over the baseline period (1985-2005) and the six selected GCMs projected climatic 

variability neither the lowest nor the highest of the 41 GCMs from AR5 (ME 2018). For rainfall 

data, Linked empirical Modelled and Observed Distribution (LeMOD) is used for minimizing 

the biases. In LeMOD, the biases in the frequency distribution of the model data, are removed 

using a semi-empirical statistic technique. Further details about the dynamical downscaling and 

LeMOD bias correction method used by the NIWA can be found in ME (2018) and Sood (2015). 

3.2.2. Model conceptualization, calibration, and validation 

Stormwater Management Model (SWMM) developed by the United States Environmental 

Protection Agency (US EPA) is amongst the most widely used models in the urban areas. 

Personal Computer Stormwater Management (PCSWMM) maintained by Computational 

Hydraulics International (CHI), Canada (CHI 2018) is a commercial version of SWMM. The 

rainfall-runoff process in PCSWMM is completed through a series of four operations called 

algorithms (James, Rossman, and James 2010). Rainfall and evaporation data for the 

atmospheric algorithm was collected from the AC and the NIWA. The surface algorithm 

requires land-use and soil type data which were gained from GIS layers available from the AC. 

For the water transport algorithm, DEM was used to retrieve the information regarding junctions 

and conduits in PCSWMM. Similarly, the groundwater algorithm needs data related to 
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groundwater and aquifer. Unfortunately, the data required for this algorithm was not readily 

available from the AC therefore; most of the default data values were used for the model set up 

considering deep aquifers in the catchment. The DEM data was also used to develop the storage 

curves for the two storage units in the catchment. The catchment was further discretized into 

sub-catchments connected through conduits, junctions and storage units. The flow gauge is 

represented as an outfall. Sub-catchment and land use layers were utilized to estimate the 

percentage of imperviousness and all roads, buildings and other paved areas within the 

catchment were treated as impervious area. 

Calibration of the model was done to achieve the best set of parameters. In PCSWMM, 

Sensitivity-based Radio Tunning Calibration (SRTC) tool is available to perform the calibration 

process based on the sensitivity assigned to different parameters. The parameter selection for 

calibration and allocation of sensitivity values depends on the data sources. The process adopted 

by James (2005) was followed to assign the uncertainty values to all the selected parameters as 

shown in Appendix D in the supplementary data. Alongside the SRTC tool, manual trial and 

error method was also applied to adjust various other parameters of the groundwater component. 

The mean value of the parameters is redefined using the allocated sensitivity values through the 

upper (VUpper) and lower (VLower) bounds of the parameters estimated by the given equations 

(CHI 2018): 

𝑉𝑉𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 =  𝑉𝑉𝐶𝐶𝑢𝑢𝑈𝑈𝑈𝑈𝑈𝑈𝐶𝐶𝑡𝑡 × (1 + 𝑉𝑉𝑓𝑓)                                        (1) 

 𝑉𝑉𝐿𝐿𝐿𝐿𝐿𝐿𝑈𝑈𝑈𝑈 =  𝑉𝑉𝐶𝐶𝑢𝑢𝑈𝑈𝑈𝑈𝑈𝑈𝐶𝐶𝑡𝑡 × � 1
(1+𝑉𝑉𝑓𝑓)

�                                         (2) 

Where 

V Current = Pre-calibration value of parameter  

V f = Percentage change of the value calculated for the range (fraction) 

 

The model calibration and validation were performed from 2007 to 2013 and 2013 to 2016, 

respectively. The Nash-Sutcliffe (NS) coefficient, the Root Mean Square Error (RMSE), and 

the coefficient of determination (R2) were adopted to judge the model performance during the 

periods of calibration and validation. Additionally, low flow (Q90) and high flow (Q10) indices 

were compared during calibration and validation using Percentage BIAS (PBIAS) criteria to 

verify the trends in discharge simulations. 
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3.2.3. Flow regime variations under climate change 

In the present study, two different methods were applied to examine alterations in the flow 

regime of the Lucas Creek catchment. Firstly, the FDC method was adopted to compare the 

baseline with three climate change pathways. FDCs are essential measures to quantify the 

changes in flow regime regarding the relative amount of time a particular magnitude of flow can 

exceed or becomes equal (Lee et al. 2008). Flow magnitudes of different events can be extracted 

from FDC. The shape of FDC in the high flow area points towards flooding events in the 

catchment while the shape at the lower end indicates the quantity of low flow available during 

dry months or summer season. Secondly, the IHA method of Richter et al. (1996) was utilized 

to study alternations in the flow regime using 32 hydrological parameters. The 32 parameters 

are usually arranged into five different groups: magnitude, duration, timing, frequency and rate 

of change. Group 1 includes monthly median flow for twelve months, and group 2 comprises 

annual 1-, 3-, 7-, 30-, 90-day maximum and minimum flow and base flow index. Julian data of 

annual 1-day maximum and minimum is included in group 3. Group 4 consists of number and 

duration of low and high pulses. Rise and fall rate and number of reversals (number of times 

flow is changed from one form to another) are included in group 5. In the IHA method, the 

values of all the parameters were calculated based on a single period non-parametric analysis 

considering the skewed nature of hydrological data. In the selection of non-parametric analysis, 

the median is taken as 50th percentile and 25th percentile, and 75th percentiles were taken as the 

threshold for calculating upper and lower pulses, respectively.  For this study, version 7.1 of the 

IHA software was used. 

PCSWMM was run to produce discharge time series for the baseline and the three scenarios 

coming from all the seven GCMs. These flow outputs were used in the IHA software for further 

analysis. The period of 1985 to 2005 is used as a baseline while the scenario analysis is 

performed in the 2050s (2041-2060) and 2090s (2081-2100) to investigate the changes in the 

flow regime in the future.   

3.3. Results 

3.3.1. PCSWMM performance during calibration and validation 

All the selected parameters for calibration were analyzed for their sensitivity within the SRTC 

tool. The insensitive parameters were left with initial values such as depression storage pervious, 

groundwater exponents and Manning’s roughness of conduits. Further details about the working 
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of the SRTC tool for the calibration process can be found at CHI (2018) and Finney and 

Gharabaghi (2011). Following this, all the sensitive parameters were tuned until the best match 

between the observed and the simulated discharges was achieved. However, it was noticed that 

aquifer properties and infiltration rates were directly affecting the low flow component of the 

flow duration curve. Therefore, a sensitivity analysis of the aquifer parameters was also 

performed. The default values were changed to positive and negative sides and their sensitivity 

was assessed on the total groundwater inflow and the peak flow at the outlet. Following the 

sensitivity analysis, the manual trial and error method was utilized to adjust the highly sensitive 

aquifer parameters (Table 3.1) such as upper evaporation fraction, upper zone moisture, water 

table elevation, tension slope, conductivity and conductivity slope for a good agreement at the 

low flows. The results for the model performance during calibration and validation are presented 

in Table 3.2 and the values of calibrated parameters are presented in Appendix E in the 

supplementary data. It can be seen from the table that the model has performed quite well 

regarding high values of NS and R2; 0.76 and 0.80, respectively during calibration and, 0.72 and 

0.79 during validation. Similarly, low values of RMSE (3.11 during calibration and 1.74 during 

validation) suggest the satisfactory calibration of the model. On the other hand, the results for 

Q10 and Q90 indicate that PCSWMM has performed quite well to capture the trends in discharge 

series for high and low flows. A model with NS values greater than 0.7 and PBIAS within -25% 

to 25% is treated as well calibrated (Moriasi et al. 2007). 
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Table 3.1 Parameters of groundwater aquifer used for sensitivity analysis and their effects on 
groundwater inflow and peak flow 

Parameters Effect of increase on 

groundwater inflow 

Effect of increase on peak 

flow 
 

Upper evaporation fraction  Decrease Decrease 

Lower groundwater loss rate Decrease Minimal change 

Upper zone moisture Increase Increase 

Water table elevation Increase Increase 

Tension slope Minimal change Increase 

Conductivity Minimal change Decrease 

Conductivity slope Decrease Decrease 

 

Table 3.2 Statistical criteria for model assessment during calibration and validation 

Period 
     Daily flow   Q10   Q90 

NS R2 RMSE PBIAS % PBIAS (%) 

Calibration (2007-2013) 0.76 0.80 3.11 5.26 5.79 

Validation (2014-2016) 0.72 0.79 1.74 8.82 6.86 

3.3.2. Climate change impacts based on FDC 

FDCs are used to study the variations in different flow patterns by comparing the magnitude of 

a particular flow over its exceedance probability. Figure 3.2 indicates the effects of climate 

change for all the seven GCMs in the 2050s under three emission scenarios. In comparison to 

the baseline, different GCMs have shown a mixed behavior in the increment of peak flow and 

low flow (Q90) in the 2050s. Figure 3.2a illustrates that only CESM1.CAM5 and NorESM1.M 

have predicted a decline in the peak flow in the 2050s at 0.001% exceedance probability (Q.001). 

While GFDL.CM3 is the only GCM showing a declining trend in the Q90. CanESM2 and 
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GISS.E2.R have shown a sharp increase in Q.001 and proposed that peak flow would be doubled 

in the 2050s. Under the emission scenario RCP 4.5, three GCMs have predicted a decrease in 

the peak flows (HadGEM-ES, NorESM1.M, CESM.CAM5) (Figure 3.2b). However, 

BCC.CSM1.1 has shown the highest increase in the peak flow up to 123 mm at Q.001. For RCP 

8.5, GISS.E2.R has demonstrated an abrupt change in the peak flow which is three times to the 

baseline flow and a similar sharp decline is noticed for the low flow Q90 (Figure 3.2c). This 

change suggests that under the highest emission scenario, the highest variations are noticed in 

the 2050s. Most of the GCMs have predicted an increase in the peak flow and only one GCM 

has shown a decrease (NorESM1.M). Overall, climate change would increase the peak flows 

and low flows in the 2050s. Nevertheless, the magnitude of the increase would be different 

amongst the GCMs.  
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Figure 3.2 Comparison of flow duration curves in the 2050s (2041-2060) under: a) RCP 2.6, b) 
RCP 4.5, and c) RCP 8.5 (Left and right figures display same data but different scales for the X 
and Y axes). 
Similarly, Figure 3.3 displays the climate change impacts for the GCMs in the 2090s under three 

RCPs. Figure 3.3a clarifies that CanESM2 and HadGEM2-ES have predicted a decline in the 

peak flow while CanESM2 projects a sharp increase in Q90. Under the emission scenario RCP 

4.5, no GCMs has predicted a decrease in the peak flow (Figure 3.3b). However, HadGEM2-ES 

has shown the highest increase in Q.001 up to 257 mm, which is more than three times (370%) to 

the baseline. Furthermore, HadGEM2-ES and GFDL.CM3 also have shown a decrease in Q90 

which is almost twice to the baseline. For RCP 8.5, HadGEM2-ES has revealed a rapid change 

in Q.001, which is more than double to the baseline flow (Figure 3.3c). Under RCP 8.5, all the 

GCMs have predicted an increase in the peak flow in the 2090s and a decreasing trend for the 

low flows. 
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Figure 3.3 Comparison of flow duration curves in the 2090s (2081-2100) under: a) RCP 2.6, b) 
RCP 4.5, and c) RCP 8.5 (Left and right figures display same data but different scales for the X 
and Y axes). 

3.3.3. Climate change impacts based on the IHA method 

3.3.3.1. Alterations in monthly streamflow magnitudes 

Variations in the magnitude of monthly median streamflow under all the three scenarios over 

the annual cycle are presented in Figure 3.4. All the seven GCMs show an increasing trend for 

most of the months and a decreasing trend in October and December. For RCP 2.6, CanESM2 

predicts the highest increment in the 2050s in April up to 380% (Figure 3.4a). Similarly, in the 

2090s, this increment is up to 250% which is related to some of the higher magnitudes in the 

downscaled time series as a result of some unknown uncertainties in SDSM. However, all the 

seven GCMs agree with each other for an increase in stream discharge in August in the 2050s 

and 2090s and CanESM2 shows a reduction of up to 35% in the same month. On the other hand, 
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GISS.E2.R predicts a substantial rise in discharge up to 220% in the 2050s under RCP 4.5, and 

CanESM2 forecasts an increment of 250% in April in the 2090s (Figure 3.4b). CESM1.CAM5 

predicts a negative trend for the first seven months of the year while CanESM2 forecasts the 

same negative trend in the last five months in the 2050s and 2090s. Again, under RCP 8.5, 

CanESM2 predicts an increase of 300% in the 2090s and NoreESM1.M shows an increase of 

180% in September (Figure 3.4c). The dynamically downscaled GCM outputs show very similar 

pattern because of similar initial boundary conditions after the training periods. The results 

indicate that the discharge of the Lucas Creek catchment would observe significant variations 

in the future.  



 

68 
 

 

Figure 3.4 Changes in the monthly magnitudes of flow in the 2050s (2041-2060) and 2090s 
(2081-2100) under: a) RCP 2.6, b) RCP 4.5, and c) RCP 8.5. 
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3.3.3.2. Changes in the magnitude of annual extreme conditions over different 

durations  

Figure 3.5 shows the variations in the magnitude over different durations of annual extreme 

situations. Regarding negative changes in 1-day, 3-day, and 7-day annual minimum conditions, 

there are minor or no significant trends (less than 14%) in the 2050s and 2090s predicted by all 

the GCMs. CanESM2 has the highest positive change (up to 90%) in the 2050s under RCP 2.6 

for the 7-day minimum parameter. For the 90-day minimum parameter, the highest increase is 

predicted by BCC.CSM1.1 (68%) in the 2090s under RCP 2.6 while the maximum decrease is 

forced by CanESM2 (-58%) in the 2050s under RCP 8.5. The results also demonstrate that the 

percentage change in the extreme minimum conditions is increasing with the increase in the 

duration of the examination. The predictions driven by HadGEM2-ES has likely an effect under 

RCP 8.5 in both the study periods however, no change is observed under RCP 2.6 and RCP 4.5.  

Similarly, a mixed behavior of all the GCMs is noticed for the magnitude of maximum flow 

over different durations. No apparent change pattern is followed by the 1-day, 3-day, 7-day and 

90-day annual maximum flow conditions such as GFDL.CM3 shows a decrease in the maximum 

flow parameters in the 2050s and an increase in the 2090s under RCP 2.6. However, HadGEM2-

ES consistently predicts a decrease in maximum flow parameters under the same periods. The 

results of BCC.CSM1.1 show a significant increase in the 3-day maximum flow up to 50% in 

the 2050s under RCP 4.5. Similarly, GISS.E2.R predicts the highest rise in the 1-day maximum 

flow in the 2050s under RCP 8.5, which is up to 77%. Generally, with an increase in the duration 

of extreme maximum parameters, the percentage of change is decreasing. It is evident that 

changes in the magnitudes of minimum flows are stronger than the maximum flows. All the 

GCMs have shown no or slight fluctuations (maximum -18% to 18%) for the base flow index 

except CanESM2. The projections of CanESM2 have resulted in a substantial increase in the 

value of base flow index having the maximum (79%) in the 2050s under RCP 4.5. Thus, it 

becomes clear that the magnitudes and duration of annual extreme parameters would vary in the 

2050s and 2090s. 
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Figure 3.5 Changes in the annual extreme flow in the 2050s (2041-2060) and 2090s (2081-2100) 
under: a) RCP 2.6, b) RCP 4.5, and c) RCP 8.5. 

3.3.3.3. Changes in timing, rate, and frequency of annual extremes 

The variations in the date of annual extreme flow are presented in Figure 3.6a. The minimum 1-

day streamflow timings forecasted by CanESM2 moves upward to more than 200 days in the 
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2050s and 2090s. On the other hand, the highest backward shift is projected by BCC.CSM1.1 

in the 2050s up to 70 days under RCP 4.5. Additionally, HadGEM2-ES under RCP 8.5 in the 

2090s also projected a backward shift up to 85 days. In general, all the GCMs have likely 

forecasted a backward swing in the timing of the minimum flow except CanESM2. The 

alterations in the timings of the maximum flow show an overall backward trend as well. In the 

2050s, the maximum positive shift is forecasted by CESM.CAM5 under RCP 4.5 up to 15 days. 

While a positive shift of 52 days is shown by NoreESM1.M in the 2090s. Conversely, a negative 

shift of 65 days is predicted by GFDL.CM3 and NorESM1.M under RCP 8.5 in the 2050s. In 

the view of the results from all the seven GCMs, it becomes clear that the variation tendency of 

the timing of maximum and minimum flow would most likely be shifted backward.  

Figure 3.6b shows the alterations in low and high pulse durations for the Lucas Creek catchment. 

All the GCMs are showing a constant rise in the low pulse duration with CanESM2 having the 

maximum value of 108 days in the 2050s under RCP 8.5. Likewise, HadGEM2-ES has projected 

a maximum change of 78 days in the 2090s under RCP 2.6. In contrast, for the high pulse 

duration, all the GCMs have forecasted a decrease except CanESM2 in the 2050s and 

GISS.E2.R in the 2090s. Interestingly, some GCMs have also illustrated that high pulse duration 

would observe no change like NorESM1.M under RCP 2.6 and RCP 8.5 in the 2050s and 

BCC.CSM1.1 under RCP 2.6 in the 2090s. Figure 3.6c presents a wide range of variations in 

the rise rate and fall rate. Overall, it is clear that the rise rate would likely be reduced under most 

of the GCMs and fall rate would observe an increase in the 2050s and 2090s. 
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Figure 3.6 Changes in: a) timing, b) duration of pulses and c) rate change of annual extremes in 
the 2050s (2041-2060) and 2090s (2081-2100) under RCP 2.6, RCP 4.5 and RCP 8.5. 
Table 3.3 illustrates the effects of climate change on high pulse count, low pulse count and 

number of reversals. It can be seen from the table that CanESM2 has shown a decreasing trend 

in high pulse count under all the scenarios. Conversely, all other GCMs show an increasing 

trend in the 2050s and 2090s. For low pulse count, a decrease is observed under most of the 

scenarios in the 2050s and 2090s. CanESM2 predicts the maximum reduction up to 46.6% in 

the 2050s under RCP 8.5 while GISS.E2.R is the only GCM with a rise of 3.3% under RCP 4.5 
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in the 2090s. Similarly, all the GCM simulations predict an increase in the number of reversals 

in the 2050s and 2090s under all the three emission scenarios. CESM1.CAM5 forecasts the 

maximum increment in the number of reversals up to 18% in the 2090s under RCP 2.6.  

Table 3.3 Changes in high and low pulse count, and number of reversals in the 2050s and 2090s. 

Indicators GCMs 2050 (2041-2060) 2090 (2081-2100) 

RCP 

2.6 (%) 

RCP 

4.5 (%) 

RCP 

8.5 (%) 

RCP 

2.6 

(%) 

RCP 

4.5 

(%) 

RCP 

8.5 

(%) 

High pulse count BCC.CSM1.1 11.3 11.3 11.3 -3.2 6.5 3.2 

CanESM2 -24.2 -27.4 -29.0 -27.4 -32.3 -24.2 

CESM1.CAM5 11.3 11.3 9.7 9.7 9.7 9.7 

GFDL.CM3 4.8 0.0 1.6 8.1 3.2 0.0 

GISS.E2.R 12.9 4.8 8.1 6.5 8.1 1.6 

HadGEM2-ES 3.2 4.8 8.1 6.5 6.5 12.9 

NorESM1.M 6.4 14.5 12.9 6.5 6.5 -3.2 

Low pulse count BCC.CSM1.1 -10 -23.3 -13.3 -16.6 -20 -13.3 

CanESM2 -33.3 -33.3 -46.6 -36.6 -40 -40 

CESM1.CAM5 -16.6 -20 -10 -16.6 -13.3 -13.3 

GFDL.CM3 -13.3 -16.6 -23.3 -13.3 -16.6 -20 

GISS.E2.R 0 -13.3 -6.6 -23.3 3.3 -23.3 

HadGEM2-ES -16.6 -16.6 -20 -20 -23.3 -16.6 

NorESM1.M -6.6 -3.3 -16.6 -6.6 0 -26.6 

BCC.CSM1.1 11.8 10.5 14.0 6.1 4.4 6.1 
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Number of 

reversals 

CanESM2 8.8 12.7 11.8 14.0 13.6 14.0 

CESM1.CAM5 12.3 10.5 12.3 18.0 10.1 4.4 

GFDL.CM3 13.2 12.3 8.8 6.1 7.0 13.6 

GISS.E2.R 13.6 14.9 14.9 12.3 9.6 12.7 

HadGEM2-ES 10.1 15.4 11.8 8.8 17.1 15.4 

NorESM1.M 10.1 10.5 11.0 10.5 11.4 8.8 

3.4. Discussion 

Climate change impacts on the flow regime in the Lucas Creek catchment are analyzed using 

multiple ensembles of the CMIP5 data. Calibrated and validated PCSWMM has been used for 

this purpose and variations in the flow regime are assessed through FDCs and the 32 IHA 

parameters. The results indicate that significant alterations in the flow regime would be 

experienced in the 2050s and 2090s. The magnitudes of high flows indicated by FDCs would 

be intensified and the magnitudes of low flows would be decreased. Similarly, all the 32 IHA 

parameters indicate that substantial variations would be caused by climate change. Many studies 

have highlighted the fact that urban catchments would experience more severe and frequent 

floods (Mohammed, Bomblies, and Wemple 2015; Da silva et al. 2018; Franczyk and Chang 

2008). The increase in air temperature and development of higher UHI under climate change 

will increase the evapotranspiration and thus rainfall would be increased in New Zealand as a 

warm environment holds more moisture (Praskievicz and Chang 2009; ME 2018). Additionally, 

intensive urbanization in the future would result in more impervious surfaces that would lead to 

increased peak flows and volumes and decreased base flows in the urban catchments (Nie et al. 

2009). Substantial alterations in the discharge of streams and rivers under climate change have 

been predicted by some other researchers in the North Island of New Zealand (Pham, 

Shamseldin, and Melville 2015; Lorrey et al. 2017). 

The approach to use multiple ensembles and multiple indicators provide a better understanding 

of climate change impacts on the flow regime. In the previous work, some studies have applied 

multiple ensembles but one indicator of impact assessment. Such as Da silva et al. (2018) applied 

24 ensembles of CMIP5 to study the behavior of design storm events under climate change in 

an urban catchment of Brazil. On the other hand, Mohammed, Bomblies, and Wemple (2015) 



 

75 
 

used multiple ensembles and multiple indicators of hydrological changes indicating that degree 

of alterations in the flow regime predicted each GCM is different to the other. Following this 

methodology, the present study has used multiple ensembles as well as adopted various 

indicators in terms of FDCs and the IHA method. It is evident that all the indicators have 

predicted alternations in the flow regime in the Lucas Creek catchment and proved to be equally 

applicable for climate change studies as for urbanization. However, it is hard to select either of 

them.  

The outputs coming from GCMs contain a variety of uncertainties associated with the climate 

change scenarios. The primary sources of errors are related to resolution, parameterization, 

initial and boundary conditions and structure of the GCMs (Pham, Shamseldin, and Melville 

2015; Rummukainen 2010). These uncertainties are transferred to the station or grid level 

climatic data during the downscaling process (IPCC 2013). Therefore, all the data needs to be 

bias corrected before it can be used in hydrological models. However, it would not be possible 

to overcome all the sources of error through bias correction (Cui et al. 2018) because each of 

the GCMs has a unique structure and mechanism to run the physical and the dynamical 

processes. 

Furthermore, there are some other uncertainties related to the assumptions made for the 

hydrological model development. Model parameters are assumed to remain stationary under the 

changing climate. Model calibration and validation have been performed for the duration of 

available observed flow data. Longer periods of observed flow data would have improved the 

performance of the model. However, the uncertainties resulted from GCMs are much more 

significant compared to the hydrological models (Cui et al. 2018). Consequently, the climate 

change impact assessment can be performed using multiple ensembles generated from different 

GCMs (Borges et al. 2017). Further improvements could be made in the GCMs and downscaling 

methods so that streamflow analysis can be performed with better accuracies. 

3.5. Conclusions and recommendations 

This research aims to inspect the climate change impact on the flow regime in the Lucas Creek 

catchment. For this purpose, climate change projections downscaled from seven GCMs were 

used under three scenarios. Flow time series simulated from PCSWMM are analyzed using 

FDCs and IHA methods. Following points can be summarized as the conclusions: 

• PCSWMM performed quite well during the calibration and validation periods. The NS 

and R2 values were 0.76 and 0.80 during calibration (2007-2013), and 0.72 and 0.79 
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during validation (2014-2016). RMSE values were 3.11 during calibration and 1.74 

during validation. Additionally, PBIAS of Q10 and Q90 also indicated that the model is 

very well calibrated. Following this, the model was run for the baseline period (1985-

2005).  

• Based on FDCs, the maximum increase in the peak flow for Q.001 is predicted by RCP 

8.5 in the 2050s which is three times the baseline. The majority of the GCMs have 

forecasted an increase in Q90 in the 2050s under all the three scenarios. Likewise, in the 

2090s, the highest flow 257 mm is achieved under RCP 4.5, and none of the GCMs has 

projected a decrease in the peak flow. Regarding the Q90, a mixed behavior is noticed 

under all the emission scenarios. A rise in projected under RCP 4.5 and a fall is 

forecasted under RCP 2.6 and RCP 8.5 in the 2050s and 2090s.  

• All the seven GCMs show an intensifying trend in the monthly flow except October and 

December indicated by the IHA method in the 2050s and 2090s. The magnitude of 

extreme annual conditions over different durations showed an increasing trend in the 

first six months and a decreasing trend in the last five months except RCP 8.5. The timing 

of the annual extremes, duration of the high pulse, low pulse count and rise rate showed 

a decreasing trend in the 2050s and 2090s. While the duration of the low pulse, fall rate, 

high pulse count and number of reversals indicated an increasing trend under all the three 

scenarios. 

• Both FDCs and the IHA method predict an alteration in the flow regime of the Lucas 

Creek catchment. However, the level of alterations is different for each of the RCP 

scenarios, the GCMs and the future periods in the 2050s and 2090s. For instance, RCP 

4.5 and RCP 8.5 predict a higher change in the 2050s compared to the 2090s except in 

the case of CanESM2 that forecasts oppositely.  

This investigation provides the preliminary results of the climate change impacts on the flow 

regime in the Lucas Creek catchment. The flow regime observes significant variations in the 

future. However, climatic data with minimum uncertainties and high spatial and temporal scale 

would be better to investigate the climate change impacts in future studies. 
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Abstract 

Water Sensitive Design (WSD) devices are implemented in urban catchments to minimize the 

adverse effects of increased imperviousness; however, their effectiveness is projected to reduce 

under climate change. The present paper evaluates the performance of WSD devices in the Lucas 

Creek catchment located in Auckland New Zealand under climate change. Subsequently, 

adaptation strategies of WSD devices under climate change are analyzed. Dynamically and 

statistically downscaled climatic data from seven Global Climate Models (GCMs) of the 

Coupled Model Intercomparison Project phase 5 (CMIP5) are adopted under three 

Representative Concentration Pathway (RCP 2.6, RCP 4.5 and RCP 8.5) scenarios. Calibrated 

and validated Personal Computer Stormwater Management Model (PCSWMM) has been used 

to generate Flow Duration Curves (FDCs) to assess the variations in the flow in the 2050s (2041-

2060) and 2090s (2081-2100) under changing climate compared to baseline (1985-2005). WSD 

devices such as bioretention systems and permeable pavements are used as source control 

measures to maintain the FDCs at the baseline and their performance is assessed. The results 

show a substantial rise in the flow and the current design standards of WSD devices would not 

mitigate climate change impacts. Response curves indicate that a substantial rise in the peak 

flow predicted by most of the GCMs used in the study would be mitigated by allocating 30% of 

the catchment area to WSD devices under all the scenarios. A substantial percentage of the 

catchment area would be required for mitigation once the increase in peak flow reaches above 

100%. On the other hand, 56% and 24% increments in the dimensions of berm height and soil 

thickness of bioretention system can alleviate a 180% increase in the flow in the 2050s under 

mailto:a.saleem@auckland.ac.nz
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RCP 2.6. Similarly, for permeable pavement, soil thickness and storage length would require an 

increase of 100% each, to mitigate a 78% increase in the peak flow in the 2050s. Higher 

increments in the dimensions of design parameters are forecasted in the 2090s and under higher 

scenarios. Climate change scenarios have encountered a variety of uncertainties; however, the 

application of multiple ensembles demonstrate the robust estimation and broader aspects of 

uncertainty. The results illustrate climate change effects on the deployment of WSD devices at 

an urban catchment requiring essential design considerations to enhance their reliability to 

mitigate the climate change effects in an uncertain future. 

Keywords: Climate change, low impact development, water sensitive design, bioretention 

system, permeable pavement, PCSWMM 

4.1. Introduction 

Rapid urbanization and climate change are major concerns of the current era (IPCC 2013a; 

Roldin et al. 2012). Urbanization converts natural environments into urban infrastructures such 

as roads and buildings. A drastic increase in the impervious surface of urban catchments reduces 

infiltration and groundwater recharge and at the same time, increases peak flow and runoff 

volume significantly (Chui et al. 2016; Sohn et al. 2019b). Therefore, the risks of frequent floods 

are increased in urban catchments and even a small storm could result in flooding (Ahiablame 

and Shakya 2016). Additionally, enhanced pollutant loads in the urban catchments significantly 

deteriorate water quality in the urban waterways (Zhang et al. 2019). Conversely, climate change 

would further enhance the frequency and magnitudes of mega-storms. The performance of urban 

drainage networks and waterways would be affected by high flows, extended event durations 

and more recurrent floods (Zhang et al. 2019). Therefore, the behavior of urban environments 

needs to be investigated adequately under climate change to mitigate its effects and for 

sustainable development.  

Stormwater management in the urban catchments, in the context of flood mitigation, is 

comprised of traditional grey infrastructures such as gutters, curbs and pipes. Grey infrastructure 

is aimed to remove runoff from a place as quickly as possible (Mei et al. 2018). However, the 

continuous increase of grey infrastructure is unsustainable and it has become less popular in 

recent years under the increasing pressure of urbanization and climate change (Burns et al. 

2012). Alternatively, sustainable solutions such as bioretention system, permeable pavements, 

green roof, constructed wetland and ponds were developed to mimic the hydrological alterations 

in the urban catchments (Zhang et al. 2019). These solutions are termed as Water Sensitive 

Design (WSD) in New Zealand, Water Sensitive Urban Design (WSUD) in Australia, Low 
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Impacts Development (LID), Best Management Practices (BMP) or Green Infrastructure (GI) 

in the United States of America (USA) and Sponge City in China (Fletcher et al. 2015). 

Numerous studies have substantially highlighted the benefits of WSD devices and emphasized 

the adoption during the past few decades (Akhter and Hewa 2016; Chui et al. 2016; Davis et al. 

2009; Roldin et al. 2012). However, WSD devices are also found to be equally useful to counter 

the adverse effects of climate change alongside urbanization. Traditionally, historical data is 

used to design WSD devices to attain pre-set mitigation targets under stationary conditions 

(Cunningham et al. 2017). Under the climate change scenarios, more frequent extreme rainfall 

events and extended dry spells would challenge the functioning and structural integrity of WSD 

devices. Zhang et al. (2014) found that the pollutant removal efficiency of the bioretention 

system was significantly reduced under extreme future events. Likewise, Wang et al. (2018) 

using the future climate change scenarios, showed climate change would adversely affect the 

performance of various WSD devices to mitigate peak runoff and water quality. Therefore, an 

evaluation of the WSD devices designed based on the current standards is necessary under future 

scenarios so that their performance remains adequate during the whole life span. 

Although, a plethora of research is available on the stormwater management capabilities of the 

WSD devices; however, their performance and adaptation under climate change are not well 

understood. In Melbourne, Australia, Burge et al. (2012) developed hypothetical climate 

scenarios using the historical data to assess the performance of WSD devices. They found that 

the efficiency and effectiveness of WSD devices showed nominal variations from the baseline 

scenario, indicating that most of the effects of climate change were mitigated adequately. 

Similarly, the performance of bioretention system was evaluated in Brazil using two different 

scenarios of a single GCM and results showed that climate change has minimal impacts on the 

retention efficiency of bioretention system (Do Lago et al. 2018). On the other hand, Sharma et 

al. (2016) found that climate change would result in elevated concentrations of pollutants from 

the retention ponds in Denmark as a result of increased rainfall intensities and extended dry 

periods. In a recent study, Zhang et al. (2019) used an ensemble of different GCMs to analyze 

the reliability of WSD devices under climate change in Melbourne, Australia. The results 

indicated that minimum differences existed between pollutant removal and flow reduction 

efficiencies. They found that higher variabilities across the GCMs warned about significant 

uncertainties related to the reliability of WSD devices under various climatic conditions. Hence, 

the reliability of WSD devices designed based on the current climatic paradigm needs to be 

assessed against a variable climate in the future so that various mitigation and adaptation 

strategies could be implemented to minimize the level of uncertainty.  
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WSD devices are installed at decentralized locations such as lots and streets to mitigate and treat 

stormwater at source. The design criteria is generally based on the design storm of two years 

return period in the Auckland region located in New Zealand, the 90th and 95th percentiles of the 

24-hour rainfall event are used by Auckland Council in different areas (Cunningham et al. 2017). 

Climate change adjustments are made in the design storm events; however, the assessment of 

WSD devices under continuous rainfall time series is considered more reliable (Zhang et al. 

2019). The availability of future rainfall data at larger spatial and temporal scale would help to 

understand the reliability of WSD devices under climate change. The assessment of the 

reliability of WSD devices under climate change can also result in the alterations of design 

parameters. Chui et al. (2016) evaluated the optimal design parameters of various WSD devices 

under two large design storms (2 years and 50 years) and found that the depth, the width and the 

length of the devices can be adjusted to accommodate larger storms. Intensified and more 

frequent storms in Australia under climate change would require more percentage of catchment 

areas to be converted to WSD devices (Zhang et al. 2019). Additionally, there are few studies 

to date investigating the performance of WSD devices under multiple scenarios and multiple 

GCMs accounting the associated uncertainties to a specific scenario and GCM. GCMs are 

different in their physical structure, parameterization and boundary conditions (IPCC 2013a) 

and various studies have highlighted that application of multiple scenarios across various GCMs 

is far superior to the selection of different scenarios within a single GCM (Cui et al. 2018; Zhang 

et al. 2019). Therefore, the assessment of WSD devices under multiple climate change scenarios 

of various GCMs would provide a more conservative and broader picture of the uncertainties 

associated with future climate change.  

Although WSD devices are well recognized to minimize the urbanization effects on stormwater 

management, their effectiveness under climate change and the development of available 

adaptation strategies is not well investigated. Previous work has mostly focused on the upgraded 

design storms to accommodate climate change from a single GCM however, the application of 

multiple GCMs is considered more realistic. Furthermore, there is a scarcity of information 

regarding the optimization of design parameters of individual WSD devices under climate 

change. This work aims to assess the climate change effects on stormwater in a small urban 

catchment under multiple scenarios of various GCMs and propose various adaptation strategies 

to mitigate the climate change impacts at the source. The primary aims of the study are to (1) 

evaluate the effectiveness of WSD devices under climate change (2) evaluate two adaptation 

strategies of current designs to take into consideration the climate change effects and prepare 

response curves for different scenarios. The analysis is performed taking an urban catchment 
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form the Auckland region as a case study however, the methodology and results can be applied 

to any catchment in the world with similar climatic conditions and land use. This study, for the 

very first time, has developed response curves for the design parameters of WSD devices to 

adapt the current design standards for mitigation. The results would be quite useful for urban 

managers and water engineers planning to mitigate the climate change impacts at source using 

WSD devices. 

4.2. Methodology 

4.2.1. Study area and data 

The Lucas Creek catchment is situated on the north side of Auckland in New Zealand. The total 

drainage area of the catchment is 626.35 ha (Figure 4.1). More than 55% of the catchment is 

urbanized and the land is mostly used for residential and commercial purposes (AC 2017). The 

catchment runoff is managed through pipe stormwater network that ultimately discharges into 

the open channel of the catchment. Therefore, flooding in the open channel has caused many 

problems related to stormwater quality, erosion and other ecological damages (NSC 2010). The 

low lying areas of the catchment are observing more frequent floods which would be elevated 

in the future because of climate change and dense urbanization (Moores et al. 2016). Therefore, 

the Auckland Council (AC), in the Auckland Unitary Plan (AUP), has stated that the catchment 

is of high importance and sensitivity in terms of stormwater planning and management (AC 

2017).   
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Figure 4.1 Location of the Lucas Creek catchment and meteorological and flow gauges 
Among the various meteorological stations around the Lucas Creek catchment installed by the 

AC and the National Institute of Water and Atmospheric Research (NIWA), the rainfall fall data 

were obtained for the three selected stations named Albany at Albany Heights Rd, Torbay at 

Glamorgan School, Oteha at Rosedale Rd (Figure 4.1). Mean aerial rainfall was calculated using 

the Thiessen polygon method that varies from 1104 mm to 1155 mm. Similarly, the mean annual 

evapotranspiration is between 848 mm and 1017 mm. Observed flow data was obtained for 

model calibration and validation at the station located at the catchment outlet. The flow data at 

daily time scale was from 2007 to 2016 and mean annual flow of the catchment fluctuates 

between 36 m3/s and 73 m3/s. Two main storages in the catchment are included in the study 

while some small ponds are ignored because of no data and small pons sizes. Additional data 

related to soil types, land use and digital elevations were got from the AC as well. 

Future projections of climate change data such as rainfall and potential evapotranspiration of 

seven GCMs utilised in this study are the same used in the Fifth Assessment Report (AR5) of 

the Intergovernmental Panel on Climate Change (IPCC). The AR5 is based on Coupled Model 

Intercomparison Project phase 5 (CMIP5) which consists of Representative Concentration 

Pathways (RCPs) called RCP 2.6, RCP 4.5, RCP 6 and RCP 8.5. Further details can be found 

in IPCC (2013a). Three RCP scenarios RCP 2.6, RCP 4.5 and RCP 8.5 were chosen for the 
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present study. RCP 2.6 is the lowermost scenario which drops the Radiative Forcing (RF) to 2.6 

W/m2 by 2100 and RCP 4.5, being the intermediate scenario, stabilise the RF to 4.2 W/m2 

beyond 2100. On the other hand, RCP 8.5 is the business as usual or the highest scenario under 

which RF reaches to 8.5 W/m2 by the end of the century. NIWA uses a dynamical downscaling 

method to obtain the data over New Zealand and bias-correct it for appropriate use in the 

modelling. For dynamical downscaling, NIWA used Hadley Centre Regional Climate Model 

version 3 (HadRM3P) to downscale climatic the data at 5 km grid at a daily time step for six 

CMIP5 GCMs. Further details of the six GCMs are provided in Table 1 and all the GCMs would 

be called with their GCM number in the table such as GCM1, GCM2, GCM3, GCM4, GCM5 

and GCM6. Further details about the selection of GCMs, dynamical downscaling technique and 

bias-correction process of the data at NIWA can be found in the report of the Ministry for the 

Environment (MEa 2016). On the other hand, Statistical Downscaling Model (SDSM) was used 

to downscale data from GCM7 (Table 4.1) at a daily time scale. The comprehensive statistical 

downscaling procedure is explained in Akhter et al. (2017) and Akhter et al. (2019a). Potential 

evapotranspiration data of GCM1 was also used for GCM7 as it was not possible to downscale 

the data in the absence of relevant parameters using statistical method. The characteristics of 

mean and maximum daily rainfall of all the seven GCMs are presented in Figure 4.2 in the 2050s 

and 2090s. Figures 4.2a and 4.2b show variations in the mean rainfall in the 2050s and 2090s 

while 4.2c and 4.2d illustrate the variations in the maximum rainfall values in the 2050s and 

2090s, respectively. The maximum outliers are found in the maximum values in the 2090s. 
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Table 4.1 Details of selected GCMs and the downscaling methods 

GCM 

No. 

GCM 

abbreviation 

GCM Name Downscaling 

method 

1 CESM1.CAM5 Community Earth System Model-Community 

Atmosphere Model 

RCM 

2 BCC.CSM1.1 Beijing Climate Centre Climate System Mode

l 

RCM  

3 GFDL.CM3 Geophysical Fluid Dynamics Laboratory 

coupled climate model 

RCM 

4 GISS.E2.R Goddard Institute for Space Studies-

ModelE/Russell 

RCM 

5 HadGEM2-ES Hadley Global Environment Model 2-Earth 

System 

RCM 

6 NorESM1.M The Norwegian Earth System Model RCM 

7 CanESM2 Second Generation Canadian Earth System 

Model 

SDSM 
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Figure 4.2 Rainfall characteristics of GCM ensembles in the 2050s and 2090s. Figures 2a and 2b show mean while 2c and 2d show maximum rainfall values 
in the 2050s and 2090s. 
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4.2.2. Model description, conceptualization, calibration, and validation 

PCSWMM is widely used for stormwater quantity and quality modelling either at a single event 

or continuous simulation. The Rainfall-Runoff (RR) process in the model is divided into four 

compartments as shown in Figure 4.3a (James et al. 2010).  For Atmospheric, transport and land 

surface compartments, the data was available from the AC and NIWA. However, in the absence 

of aquifer characteristics and groundwater-related data, the majority of the default values of 

different parameters were adopted for modelling purposes considering a deep aquifer within the 

Lucas Creek catchment. Storage curves for the large ponds were developed using the DEM data 

and the catchment was further divided into sub-catchments as shown in Figure 4.3b. The flow 

gauge at the outlet was modelled as an outfall and the impervious percentage of each sub-

catchment was estimated using sub-catchment and land-use data. Building, roads and all the 

paved areas were considered as an impervious area with the catchment. 
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Figure 4.3 PCSWMM conceptualization a) model development and b) catchment discretization 
into sub-catchments 
Calibration is performed to obtain the best set of parameters during the modelling process. In 

PCSWMM, both manual and automated calibration can be done. Sensitivity-based Radio 

Tunning Calibration (SRTC) tool is used to do the calibration process that is performed on the 

basis of the sensitivity values allocated to various parameters (Finney and Gharabaghi 2011). 

The sources of the data incorporated into the model play an important role to allocate the 

sensitivity values to the parameters chosen for calibration. However, James (2005) described a 

process to categorise the data sources and assign the sensitivity values accordingly. Therefore, 

the same methodology was adopted and sensitivity values were assigned to impervious 

percentage, sub-catchment width, Manning’s roughness for conduits, impervious and previous 

area, depression storage for the impervious and pervious area, minimum and maximum 
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infiltration rate, decay constant, dry time and groundwater flow coefficients and exponents as 

presented in Table 4.2. Some parameters of the groundwater compartment were also adjusted 

using manual trial and error method during the calibration process.  

In PCSWMM, the following equations are used to recalculate the average value of the 

parameters based on the assigned sensitivity using the lower (VLower) and upper (VUpper) bounds 

(CHI 2018): 

𝑉𝑉𝐿𝐿𝐿𝐿𝐿𝐿𝑈𝑈𝑈𝑈 =  𝑉𝑉𝐶𝐶𝑢𝑢𝑈𝑈𝑈𝑈𝑈𝑈𝐶𝐶𝑡𝑡 × � 1
(1+𝑉𝑉𝑓𝑓)

�                                         (1) 

𝑉𝑉𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 =  𝑉𝑉𝐶𝐶𝑢𝑢𝑈𝑈𝑈𝑈𝑈𝑈𝐶𝐶𝑡𝑡 × (1 + 𝑉𝑉𝑓𝑓)                                       (2) 

Where 

V Current = Parameter value at the start of the calibration  

V f = Percentage variation in the value across the selected limits (fraction) 
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Table 4.2 Parameters for calibration and allocated uncertainties 

Parameter notation Name Assigned uncertainty 

value (%) 

Imperv. % Impervious percentage 60 

Width Sub-catchment width 100 

N Perv and Imperv  Manning’s roughness for pervious 

and impervious area 
50 

Dstore Perv and Imperv Depression storage for pervious 

and impervious area 
80 

Max. and Min. Infl. rate Maximum and minimum 

infiltration rate 
100 

Decay constant Decay constant 100 

Dry time Dry time 100 

Geom. Geometry and maximum depth of 

conduits 
50 

A1, A2 and B1, B2 Ground water flow coefficients and 

exponents 
100 

Roughness Manning’s roughness of conduits 50 

 

Although the rainfall data was available for the period 1985-2016, however, observed flow data 

was only available for the period 2007 to 2016. Therefore, the model calibrated during the period 

2007 to 2013 and validation was performed for time slice covering the period 2013 to 2016. The 

coefficient of determination (R2), the Root Mean Square Error (RMSE) and the Nash-Sutcliffe 

(NS) coefficient were used to evaluate the performance of the model during calibration and 

validation periods. Moreover, Percentage Bias (PBIAS) criteria was also applied for high flow 

(Q10) and low flow (Q90) indices to validate the trends in the flow time series. The R2, RMSE, 

NS and PBIAS are estimated using the following equations: 
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𝑅𝑅2 =  ∑ (𝑋𝑋𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖−𝑋𝑋�𝑜𝑜𝑜𝑜𝑜𝑜)(𝑋𝑋𝑜𝑜𝑖𝑖𝑠𝑠,𝑖𝑖−𝑋𝑋�𝑜𝑜𝑖𝑖𝑠𝑠)𝑛𝑛
𝑖𝑖=1

�∑ (𝑋𝑋𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖−𝑋𝑋�𝑜𝑜𝑜𝑜𝑜𝑜 )2𝑛𝑛
𝑖𝑖=1 ∑ (𝑋𝑋𝑜𝑜𝑖𝑖𝑠𝑠,𝑖𝑖−𝑋𝑋�𝑜𝑜𝑖𝑖𝑠𝑠 )2𝑛𝑛

𝑖𝑖=1

       (1) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =  �∑ (𝑋𝑋𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖−𝑋𝑋𝑜𝑜𝑖𝑖𝑠𝑠,𝑖𝑖)𝑛𝑛
𝑖𝑖=1

2

𝐶𝐶
       (2) 

𝑁𝑁𝑅𝑅 = 1 −  ∑ (𝑋𝑋𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖− 𝑋𝑋𝑜𝑜𝑖𝑖𝑠𝑠,𝑖𝑖
𝑛𝑛
𝑖𝑖=1 )2

∑ (𝑋𝑋𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖− 𝑛𝑛
𝑖𝑖=1 𝑋𝑋𝑎𝑎𝑎𝑎𝑎𝑎)2

       (3) 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑅𝑅 =  ∑ (𝑋𝑋𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖−𝑋𝑋𝑜𝑜𝑖𝑖𝑠𝑠,𝑖𝑖)𝑛𝑛
𝑖𝑖=1
∑ (𝑋𝑋𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖)𝑛𝑛
𝑖𝑖=1

𝑋𝑋100      (4) 

where 𝑛𝑛 is the number of time steps;  𝑋𝑋𝐿𝐿𝑏𝑏𝑠𝑠,𝑖𝑖 and 𝑋𝑋𝑠𝑠𝑖𝑖𝑠𝑠,𝑖𝑖 are the observed and simulated values at 

time step 𝑖𝑖 respectively and 𝑋𝑋𝑎𝑎𝑎𝑎𝑎𝑎 is average daily value over the simulation year.  

4.2.3. Climate change impacts and adaptation scenarios of WSD devices  

PCSWMM simulations for the baseline and the three climate change scenarios of selected seven 

GCMs generated flow time series for further processing. The baseline flow data was from 1985 

to 2005 while future data for the three scenarios was assessed in the 2050s (2041-2060) and 

2090s (2081-2100) to quantify the variations in the flow under climate change.  

In the present study, different indices of the Flow Duration Curves (FDCs) were used to examine 

the alterations in the flow at the baseline and future time periods. Different indices of the FDCs 

can be used to obtain the variation in the flow regime for a specific flow magnitude at a time 

when it becomes equal or exceeds (Lee et al. 2008). FDCs can be used to extract the flow 

magnitudes for different events. In the urban catchments, the assessment of pre- and post-

development FDCs is performed to evaluate the effects of urbanization on the complete flow 

range and hydromodification. Maintaining the post-development flow at the pre-development 

flow is mandatory to all the new developments through the installation of various WSD devices 

(Cunningham et al. 2017).  Among the WSD devices, the performance of bioretention system 

and permeable pavement are examined in the present study. For the effectiveness, a bioretention 

system of 50 m2 was applied to detain runoff from the catchment and 15% of the catchment area 

was set under the bioretention system through multiple units within each sub-catchment. As the 

FDCs were compared at the outlet of the Lucas Creek catchment, therefore sub-catchments had 

a different number of multiple units to represent the same percentage of the area. The 

bioretention system was designed based on the AC bioretention design guidelines and previous 

studies (Ahiablame and Shakya 2016; Cunningham et al. 2017; James et al. 2010; Lewis et al. 

2015). The proposed bioretention system is designed as the source control measure to mitigate 
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climate change impacts therefore, the device was assumed well maintained with no clogging 

problem over the life span of five to ten years. Eight drain pipes of 110 mm were used based on 

the AC criteria of one drain pipe of 110 mm for each 6 m2 area of bioretention system 

(Cunningham et al. 2017). Flow reduction indices for peak flow (Rp) and outflow volume (Ro) 

along with matching the FDCs of different scenarios to the baseline were used to assess the 

performance of the bioretention system. 

Following this, two adaptation scenarios were developed to mitigate climate change impacts. 

The adaptation scenario I was designed to increase the percentage of catchment area under 

bioretention system through the trial and error method until a reasonable match between the 

climate change scenario FDC and the baseline FDC was achieved and the values of Rp and Ro 

were more than 70%. As the FDCs were compared at the outlet of the Lucas Creek catchment, 

therefore every sub-catchment had a different number of multiple units to represent the same 

percentage of the catchment area. Response curves were generated for the increase in peak flow 

and the percentage of catchment area required mitigating the climate change impacts and 

keeping the peak flows at the baseline under the three emission pathways in the 2050s and 2090s. 

However, the adaptation scenario II involved alterations in the current design parameters of 

WSD devices for a selected sub-catchment S3 by keeping the percentage of catchment area 

under WSD devices fixed. After sensitivity analysis, the most sensitive design parameters were 

altered until a reasonable match was acquired between the climate change scenario and the 

baseline FDCs along with Rp and Ro values. Subsequently, a relationship was developed in the 

form of response curves between the percentage increase in the peak flow by all the GCMs and 

the percentage alteration in the parameter value required for mitigation. Similar to the 

bioretention system, a permeable pavement of 30 m2 was applied to detain the discharge from 

30% of the impervious catchment area consisting of secondary roads, streets and car parking 

facilities. The secondary roads and streets were taken 8 m and 3 m wide, respectively. A drain 

pipe of 100 mm was used in the model (Cunningham et al. 2017). The design parameters used 

to represent the bioretention system and permeable pavement in PCSWMM and schematic 

sketches are supplied in the supplementary data Appendix F. 
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4.3. Results and discussions 

4.3.1. PCSWMM performance during calibration and validation 

The sensitivity of all the parameters selected for calibration was checked within the SRTC tool. 

Further explanation about the working mechanism of the SRTC tool can be found in CHI (2018) 

and Finney and Gharabaghi (2011).  

All the insensitive parameters such as groundwater exponents, depression storage pervious and 

Manning’s roughness of channels were set with the initially assigned values. On the other hand, 

all the sensitive parameters were adjusted to obtain the most appropriate values which generate 

the best match between the simulated and the observed flow time series. Nevertheless, 

infiltration rates and aquifer properties had a direct effect on the low flows of the FDCs 

therefore, a manual sensitivity analysis was carried out to achieve the best set of values. 

Sensitivity analysis of aquifer parameters such as Upper Evaporation Fraction (UEF), Upper 

Zone Moisture (UZM), Lower Groundwater Loss Rate (LGLR), Water Table Elevation (WTE), 

Tension Slope (TS), Conductivity Slope (CS) and conductivity are presented in Figure 4.4. All 

the remaining parameters of aquifer properties not mentioned here are considered either do not 

affect the groundwater flow or their values were calculated that cannot change. The results of 

sensitivity analysis helped to find the right values for the aquifer properties to produce the best 

match at the low flows. 

During calibration and validation, the performance evaluation criteria R2, RMSE, NS for daily 

flow and PBIAS for Q10 and Q90 are presented in Table 4.3. From Table 4.3, high values of R2 

and NS; 0.80 and 0.76 during calibration (2007-2013), and 0.79 and 0.72 during validation 

(2014-2016) indicate that model is satisfactorily calibrated and validated. A similar performance 

is shown by the small values of RMSE during calibration and validation. Additional criteria for 

Q10 and Q90 using PBIAS also illustrate the model behavior for high and low flows during 

calibration and validation as excellent and all the trends of the FDC flows are well captured. NS 

values higher than 0.7 and PBIAS values within -25% to 25% indicate that the model is well-

calibrated (Moriasi et al. 2007). 
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Figure 4.4 Sensitivity analysis of groundwater aquifer parameters 
 

Table 4.3 Model performance during calibration and validation periods 

Task Time frame 
Daily flow Q10 Q90 

R2 RMSE NS PBIAS (%) PBIAS (%) 

Calibration 2007-2013 0.80 3.11 0.76 5.26 5.79 

Validation 2014-2016 0.79 1.74 0.72 8.82 6.86 

 4.3.2. Climate change impacts assessment 

The effects of climate change on the variations in the flow are presented through FDCs. FDCs 

show the relationship between the magnitude of a specific flow and its exceedance probability. 

The behavior of FDCs is shown in Figure 4.5 under the three climate change emission scenarios 

for the seven GCMs in the 2050s and 2090s. The GCMs have shown a diverse range of 

variations in the FDCs in the future compared to the baseline data. In the 2050s, Figure 4.5a 

shows that only GCM1 and GCM6 have projected a decrease in the peak flow under RCP 2.6 

whereas all other GCMs have forecasted a rise in the peak flow. The highest rise in the peak 

flow is forecasted by GCM5 and GCM7 that is almost twice to the baseline at 0.001% 

exceedance probability (Q.001). While in the 2090s, under RCP 2.6, most of the GCMs have 

forecasted a rise in the high flow (Q.001) except GCM5 and GCM7. GCM5 and GCM7 have 

projected a reduction in the peak flow; however, the reduction in the peak flow is nominal. The 

maximum increase in Q.001 is forecasted by GCM1 which is almost double that of the baseline 
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Similarly, variations in FDCs under RCP 4.5 are shown in Figure 4.5b. It can be seen from the 

figure that three of the GCMs: GCM1, GCM3 and GCM6 have shown a continuous decrease in 

the flow under the climate change effects in the future in the 2050s. While the remaining four 

GCMs have revealed a rise in the peak flow with GCM2 predicting the highest rise in peak flow 

at Q.001. However, in the 2090s, all the GCMs have predicted an increment in the Q.001 under 

RCP 4.5 with GCM5 showing the highest increase of 18.5 m3/s that is three times more than 

that of the baseline. Similarly, GCM3 shows that Q.001 would be increased to 12 m3/s in the 

2090s. For RCP 8.5, GCM5 has indicated a quick alteration in the peak flow (Q.001) which is 

more than three times to the baseline in the 2050s (Figure 4.5c). All other GCMs have also 

anticipated a rise in the peak flow except GCM1 that has forecasted a decline in the peak flow 

at Q.001. On the other hand, all the GCMs have shown an increase in the Q.001 under RCP 8.5 in 

the 2090s. GCM5 has shown the highest increment that is twofold from the baseline and the 

minimum increment is projected by GCM3. The changes in the FDCs under RCP 8.5 show that 

maximum alterations in the flow would be observed under the highest emission scenario. 

Although the magnitudes of the projected increase in peak flow are different amongst the GCMs.  

However, GCM1 has forecasted continuously a decline in the peak flows under all the emission 

scenarios in the 2050s.  
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Figure 4.5 Climate changes effects on FDCs under (a) RCP 2.6, (b) RCP 4.5 and (c) RCP 8.5 in 
the 2050s and 2090s 
The maximum variations in the projected peak flow, in comparison to the baseline, at Q.001 

forecasted by all the GCMs in the 2050s and 2090s is summarized in Table 4.4. It can be seen 

from the table that in the 2050s, peak flow is forecasted to decrease by GCM1 and GCM6 under 

RCP 2.6, by GCM1, GCM5 and GCM6 under RCP 4.5 and GCM6 under RCP 8.5. The 

maximum decrease is projected by GCM5 under RCP 4.5 (-18.32%). On the other hand, the 

majority of the GCMs have predicted a sudden rise in the peak under all the three scenarios with 

GCM4 showing the maximum rise (234.11%) under RCP 8.5. Similarly, some GCMs have 

forecasted a reduction in the peak flow under RCP 2.6 (GCM5 and GCM7) and under RCP 4.5 

(GCM4) in the 2090s. However, the peak flow would observe a substantial increase in the 2090s 

for the three emission pathways with GCM5 showing the highest increment in the peak flow up 

to 277.79%. 

Table 4.4 Summary of variations in peak flow (Q.001) under different scenarios 
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RCP GCM1 GCM2 GCM3 GCM4 GCM5 GCM6 GCM7 

2050s RCP2.6 4.3 

(-13.01) 

6.26 

(26.64) 

6.19 

(25.17) 

5.17 

(4.44) 

8.41 

(69.95) 

4.74 

 (-4.16) 

8.57 

(73.14) 

RCP4.5 4.76  

(-3.71) 

8.95 

(81.13) 

7.29 

(47.47) 

5.35 

(8.03) 

4.04  

(-18.32) 

4.14  

(-16.38) 

7.77 

(57.13) 

RCP8.5 5.09 

(2.92) 

7.89 

(59.57) 

6.32 

(27.75) 

16.53 

(234.11) 

7.12 

(43.73) 

4.5  

(-9.01) 

8.16 

(64.89) 

2090s RCP2.6 9.27 

(87.50) 

5 

(1.12) 

5.33 

(7.75) 

7.82 

(58.06) 

4.76  

(-3.84) 

6.22 

(25.71) 

4.58  

(-7.35) 

RCP4.5 4.99 

(0.96) 

5.8 

(17.36) 

12.07 

(143.74) 

4.87  

(-1.64) 

18.69 

(277.79) 

6.81 

(37.64) 

5.52 

(11.61) 

RCP8.5 10.49 

(112.11) 

5.83 

(18.02) 

5.19 

(4.93) 

8.6 

(73.90) 

13.64 

(175.75) 

5.97 

(21.03) 

11.28 

(127.91) 

 

 4.3.3. Effectiveness of WSD devices 

The performance of bioretenion system based on the current design standards is assessed using 

flow reduction indices for peak flow and outflow volume along with matching the FDCs of 

different scenarios to the baseline. The results of Rp and Ro for all the GCMs are presented in 

Figure 4.6 for the 2050s and 2090s under the three scenarios. It can be seen from the figure 4.6a 

that maximum Rp (45%) is achieved for GCM4 under RCP 2.6 while the minimum reduction in 

peak flow (Rp = 8%) is noticed under RCP 4.5 for the same GCM. The values of Rp for most of 

the GCMs under RCP 4.5 and RCP 8.5 have followed the same pattern of variations in the 2050s 

indicating an increasing trend. On the other hand, maximum Rp is shown by GCM3 under RCP 

8.5 that the business as usual scenario or the worst scenario in the 2090s. The minimum Rp is 

shown by GCM7 under RCP 4.5 that is equal to zero. The GCMs under RCP 2.6 and RCP 8.5 

follow the same trend of reduction of peak flow over time and GCMs show the almost same 

value of Rp under all the three emission scenarios. Similarly, the values of Ro in the 2050s and 
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2090s show variations for the three emission pathways in Figure 4.6b. The highest value of Ro 

in the 2050s is GCM7 under RCP 2.6 and the lowest is also shown under RCP 2.6 by GCM3. 

Contrary, more volume reduction is achieved in the 2090s under RCP 4.5 by GCM7. It can be 

seen that no particular pattern is found in the values of Ro in the 2050s and 2090s. The values 

of Rp and Ro show that variations in the rainfall patterns predicted by each GCMs under different 

scenarios are visible in the flow data hence the reduction abilities of bioretention systems are 

varied accordingly. Rainfall with more big storms cannot be alleviated by bioretention system 

therefore, proper mitigation and adaptation strategies ties are required to achieve a maximum of 

Rp and Ro and maintain the flows at the baseline periods. 

 

Figure 4.6 Flow indices reduction rates under three RCP scenarios in a) the 2050s and b) 2090s  

 4.3.4. Adaptation of WSD devices under climate change 

4.3.4.1. Adaptation scenario I 

Adaptation scenario I involved the application of bioretention system to maintain the climate 

change effects at the baseline in the 2050s and 2090s. In this regard, the percentage of catchment 

area under bioretention system was changed until an excellent visual match was achieved 

between the baseline and the WSD scenario as well as Rp and Ro values were at least more than 

70%. In order to show the effectiveness of bioretention system to maintain the climate change 
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impacts at the baseline, the results of one extreme GCM under each RCP scenario is presented 

here.  Figure 4.7 shows the performance of bioretention system in the 2050s and 2090s for the 

three emission pathways. Under RCP 2.6, the maximum increase was predicted by GCM7 and 

25% of the catchment impervious area was converted to bioretention in the 2050s (Figure 4.7a). 

It can be seen that a very well agreement was achieved between the GCM7 WSD and the 

baseline FDCs. The GCM7 WSD and the baseline FDCs are not adequately matched at the 

medium flow and peak flow. This variation illustrates that rainfall patterns predicted by GCM7 

are unique and different and the FDC cannot be fully replicated to the baseline using the 

bioretention system. In the 2090s, 28% of the catchment impervious area was converted to 

bioretention to achieve a reasonable match of the FDC predicted by GCM1. However, the 

GCM1 WSD and the baseline FDCs are not adequately matched at high flow. This variation 

illustrates that rainfall patterns predicted by GCM1 are quite extreme and the FDC cannot be 

fully replicated to the baseline using bioretention system at the higher magnitudes.   

Similarly, under RCP 4.5, GCM2 forecasted the maximum alterations in the FDC in the 2050s 

(Figure 4.7b). In this case, 25% of the catchment area was converted to WSD indicating that 

bioretention system can mitigate the climate change impacts. However, the catchment area 

under WSD devices designed to mitigate climate change impacts also depends on the rainfall 

patterns predicted by GCMs. Likewise, GCM5 forecasted the maximum alterations in the FDC 

under RCP 4.5 in the 2090s. In this case, 67% of the catchment area was converted to WSD 

devices for GCM5 indicating that the bioretention system can mitigate the climate change 

impacts. However, the higher increase in peak flow would require more catchment area under 

WSD devices. It can be seen that RCP 4.5 in the 2090s demands the maximum area for WSD 

device to mitigate climate change effects. The maximum rise in the peak flow is projected by 

GCM4 under RCP 8.5 in the 2050s demanding the highest percentage of catchment area (65%) 

to be used for WSD devices (Figure 4.7c). Even though using the same percentage of area, peak 

flow would not be achieved adequately to match the baseline flow. In the 2090s, the highest rise 

in the peak flow is projected by GCM5 demanding 48% of the catchment area to be used for 

WSD devices to mitigate peak flow increase. Overall, using the allocated percentage of the 

catchment area for the bioretention system, peak flow would not be reduced to the baseline flow 

as both the FDCs are not adequately matched at high flows. 
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Figure 4.7 Performance of bioretention system for the GCMs with the highest predictions under 
a) RCP 2.6, b) RCP 4.5 and c) RCP 8.5 in the 2050s and 2090s 
The analysis shows that climate change would adversely affect the stormwater infrastructure in 

the Lucas Creek catchment in the future. Catchment development is a continuous process; 

therefore, the establishment of a relationship between a rise in the peak flow because of climate 

change and stormwater control system requirements is required to mitigate the climate change 

impacts. Figure 4.8 compares the area requirements of the bioretention system for stormwater 

management at source at the varying percentage of peak flow predicted by various GCMs under 

all the three scenarios in the 2050s and 2090s. It can be seen from the figure that the maximum 

increment in peak flow predicted under RCP 2.6 and RCP 4.5 would require 28% of the 

catchment area to be converted to the bioretention system in the 2050s (Figure 4.8a). Under 

RCP 8.5, a maximum of 65% of the catchment area would be used to mitigate the climate change 

impacts at the source. However, it can be seen from the figure that the maximum gradient of per 
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unit increase in peak flow and area requirement is forecasted by GCMs under RCP 2.6 though 

being the lowest scenario. On the other hand, the maximum area (67%) is required for 

bioretention system under RCP 4.5 in the 2090s that is more than the area requirement under 

RCP 8.5 in the 2050s. The forecasts of GCMs in the peak flow would be alleviated by using 

almost 50% of the catchment area for bioretention system under RCP 8.5 in the 2090s (Figure 

4.8b). Similar to the 2050s, the highest gradient is observed under RCP 2.6 in the 2090s although 

other RCPs have predicted the higher increments in the peak flows. The response curves show 

that area requirement is totally dependent on the rainfall characteristics predicted by GCMs 

under each RCP. The higher the increase in peak flows, the higher the requirement of the area 

in the response curve such as an increase of 270% in the peak flow would require more than 

67% of the catchment area for mitigation which means there is no or very little development in 

the catchment. However, it is necessary to note that the area requirement of the bioretention 

system has been measured using the best possible match between climate change scenario and 

the baseline FDCs and Rp and Ro values at individual cases. In many cases, the FDCs have also 

resulted in a poor match over the entire range of flows. 
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Figure 4.8 Response curves between the increase in peak flow and catchment area under the 
bioretention system a) the 2050s and b) 2090s 

4.3.4.2. Adaptation scenario II 

Sensitivity analysis of the design parameters is performed to examine the behavior of the 

bioretention system parameters by lowering and increasing the values from the base line. The 

results of the sensitivity analysis would be helpful to identify the most sensitive parameters of 

bioretention system which can be increased under climate change scenarios to mitigate climate 

change impacts. The principal design parameters of the bioretention system were varied towards 

their positive (+30%  and up to +120% and negative values (-30% and up to -90%)  of the 

initially assigned values termed as base values and their effects on the peak flow reduction were 

examined as shown in Figure 4.9. Berm height was sensitive and the higher the berm height of 

the system, the greater the peak flow reduction. This effect is expected, as the bioretention 
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system is not only receiving the flow from its area but from a specified catchment area. When 

the soil media becomes saturated and the infiltration rate is decreased, the peak flow reduction 

still occurs because water is ponded in bioretention until the berm height and later infiltrated 

into the soil. The peak flow reduction is more sensitive to a decrease in berm height compared 

to the same amount of increase in the berm height. Similar behavior was observed in the case of 

soil thickness. Increasing the soil thickness allows more space to stormwater to infiltrate into 

the storage component of the unit. The increase of soil thickness has more effect on the peak 

flow reduction compared to the berm height. On the other hand, the rise of storage length, the 

drain coefficient, the conductivity, the drain height and the seepage rate have no or minimal 

effects on the peak flow reduction. However, the surface area of the bioretention system is found 

to be the most sensitive parameter to reduce the peak flow because of climate change. The peak 

flow reduction is linearly related to the per unit area of the bioretention system indicating that 

horizontal expansion of the bioretention system not only provides more space for infiltration of 

flow into the soil but also more depth of ponding. 

 

Figure 4.9 Sensitivity analysis of bioretention system parameters 
Following the sensitivity analysis, a sub-catchment S3 was selected for the assessment of 

adaptation of design parameters of the bioretention system under climate change as highlighted 

in Figure 4.3. Local design standards suggest that a minimum of 5% of the contributing 

impervious catchment area should consist of the bioretention system (Lewis et al. 2015). 

However, many studies have endorsed that maximum benefits in terms of peak flow and volume 
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reduction are achieved if the bioretention system area is equal to 15% of the catchment area 

(Ahiablame and Shakya 2016). Therefore, 15% of the sub-catchment S3 area was converted to 

bioretention system and the most sensitive design parameters berm height and soil thickness 

were adjusted to obtain a reasonable match between the FDC of the future climate scenario and 

the baseline and Rp and Ro values were at least more than 70%. All the seven GCMs under each 

RCP were equally merged to create the analysis in the 2050s and 2090s. Therefore, every set of 

data in the 2050s and 2090s covers the full range climate change of seven GCMs and 

corresponding alterations in the parameters were noted against the increase in peak flow. 

The required modifications in the design parameters of the bioretention system corresponding 

to increased peak flow under climate change are shown in Figure 4.10 through response curves 

for each scenario in the 2050s and 2090s. Figure 4.10a shows the required changes in the berm 

height and the soil thickness to mitigate the various increments in the peak flow of the sub-

catchment S3 under climate change. It can be seen from the figure that a maximum of 30% 

increase in peak flow caused by climate change under RCP 2.6 in the 2050s would be mitigated 

by the bioretention systems designed based on the current standards. However, any increment 

in peak flow beyond this critical point would require an alteration in the dimensions of berm 

height and soil thickness such as a 75% increase in the peak flow would need 56% and 24 % 

increase in the values of berm height and soil thickness, respectively. However, in the 2090s 

under the same scenario, up to 55% increase in the peak flow would be alleviated by the current 

design standards and even less alteration in the design parameters would be required to keep the 

peak flow and volume at the baseline. Under RCP 4.5, almost the same amount of increase in 

peak flow around 50% would be retained by the bioretention system under the current design 

standards in the 2050s and 2090 (Figure 4.10b). However, substantial increments in the design 

dimensions are required in the 2090s for the higher increments in the peak flow such as berm 

height and soil thickness would need to be increased by 86% and 40%, respectively against 

250% rise in the peak flow. Similarly, under RCP 8.5, around 40% increase in the peak flow 

would be mitigated and beyond those adjustments in the design parameters would be required 

in the future (Figure 4.10c). In the 2050s, a 200% rise in peak flow would demand 75% and 

34% increase in berm height and soil thickness, respectively to offset the climate change 

impacts. It is noticeable that beyond this point, an abrupt increase in the parameters would be 

required which might not be acceptable on the ground. A similar pattern is followed in the 2090s 

indicating that WSD design parameters would require substantial alterations to maintain the 

peak flows and volumes at the baseline in the Lucas Creek catchment. 
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Figure 4.10 Response curves for design parameters of bioretention system and increase in peak 
flow under climate change 
Similar to bioretention system, sensitivity analysis of design parameters of permeable 

pavements is performed to investigate their behavior under climate change (Figure 4.11). 

Conductivity, storage length, per unit area, soil thickness, drainage coefficient, drainage height 

and pavement thickness were found to be sensitive to the peak flow reduction. An increase in 

the parameter value resulted in a higher reduction of peak flow for all the parameters except the 

drain coefficient. All these parameters either retain peak flow and infiltrate into the soil or detain 

for an extended period release slowly within 72 hours (Cunningham et al. 2017). Such as higher 

conductivity allows quick movement of water in the soil media and the extended depths of soil 

media and storage compartment result in more volume of water to be detained as internal 

storage. However, the surface area of the permeable pavement is found to be the most sensitive 

parameter to reduce the peak flow. The peak flow reduction is linearly related to the per unit 

area of the bioretention system, indicating that horizontal expansion provides more space for 

penetration of flow into the soil media for internal storage and retention.  
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Figure 4.11 Sensitivity analysis of permeable pavement parameters 
For permeable pavement, 6% of the sub-catchment S3 area consisting of primary roads, parking 

area, streets and footpath was used. The roads were taken as 8 m wide while the streets were 

considered 5 m wide. Although, conductivity, storage length, per unit area, soil thickness, 

drainage coefficient, drainage height and pavement thickness were found to be sensitive initially 

however, not all of these parameters were sensitive for all the GCMs. Therefore, the most 

responsive design parameters soil thickness and storage length were selected and adjusted to 

obtain a reasonable match between the FDC of the future climate scenario and the baseline and 

obtain Ro and Rp values more than 70%. For each scenario of each GCM, corresponding 

alterations in the parameters were noted against the rise in peak flow in the 2050s and 2090s as 

shown in Figure 4.12.  

Figure 4.12a shows the required changes in the berm height and soil thickness to mitigate the 

various increments in the peak flow of the sub-catchment S3 under climate change. It can be 

seen from the figure that a maximum of 35% increase in peak flow caused by climate change 

under RCP 2.6 in the 2050s would be mitigated by the bioretention systems designed based on 

the current standards. However, a sharp increase in the values of permeable pavement are 

observed beyond this critical point and 78% increment in peak flow would require around 100% 

increases in the dimensions of soil thickness and storage length. However, in the 2090s under 

the same scenario, up to 54% increase in the peak flow would be alleviated by the current design 

standards and even less alteration in the design parameters would be required to keep the peak 
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flow and volume at the baseline. Under RCP 4.5, almost the same amount of increase in peak 

flow around 44% would be retained by the bioretention system under the current design 

standards in the 2050s and 2090 (Figure 4.12b). However, substantial increments in the design 

dimensions are required in the 2090s for the higher increments in the peak flow such as soil 

thickness and storage length would need to be increased by 170% and 125%, respectively 

against 260% rise in the peak flow. Beyond this point, an abrupt incline is noticed in the values 

of soil thickness and storage length under RCP 4.5 in the 2090s. Similarly, under RCP 8.5, the 

mitigation capabilities of permeable pavements would be further reduced to less than 40% in 

the 2050s and 2090s (Figure 4.12c). It is noticeable that at 50% peak flow, both soil thickness 

and storage length have the same increase in dimensions. However, the difference between the 

two widens with the increase in peak flow quantity under climate change. In the 2050s, a 100% 

rise in peak flow would demand 128% and 97% increase in soil thickness and storage length, 

respectively to alleviate the climate change impacts. On the other hand, the increase in the peak 

flow and the changes in the dimensions of permeable pavements almost follow a linear 

relationship after a 150% increase in the peak flow. 
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Figure 4.12 Response curves for design parameters of permeable pavement and increase in peak 
flow under climate change 
 

4.4. Discussion 

This study investigates the effectiveness of WSD devices under multiple ensembles of CMIP5 

and subsequently, adaptation strategies are proposed to alter the design standards of WSD 

devices is to mitigate the climate change effects. Dynamically and statistically downscaled data 

for the current and future climate is obtained from seven GCMs under three RCP at the Lucas 

Creek catchment. PCSWMM is calibrated and validated using the observed rainfall, 

evapotranspiration and flow data and the results indicate that the model was satisfactorily 

calibrated and validated. Calibrated and validated PCSWMM is used to assess the variations in 

the flow based on the FDCs in the 2050s and 2090s compared to the baseline or the current 

climate. Substantial variations were observed in the FDCs under the three RCP scenarios 

indicating that a severe rise in the peak flow volume of the catchment would be observed in the 

future. However, the variations in the peak flow would be higher in the 2090s compared to the 

2050s because of higher increments in the rainfall intensity. A rise in peak flow as predicted by 

most of the GCMs would result in more frequent and extreme floods. The Auckland region is 

forecasted to observe such floods in the uncertain future (Lorrey et al. 2017). A similar study 

conducted by Semadeni-Davies et al. (2008) found that urban catchment is set to see a rise in 

peak flow volumes and elevated flooding risks in the future because of climate change. 

However, it is noticed that the extent of alterations shown in the FDCs is different for different 

GCMs. Some GCMs have forecasted higher variations in the peak flow than the others have. 

This analysis supports the fact that the application of multiple GCMs provides a better picture 

of climate change effects rather than using a single GCM and therefore, adaptation strategies 

could be planned for accordingly (Akhter et al. 2019a; Zhang et al. 2019).  

Some of the WSD facilities available in PCSWMM toolbox were utilized to simulate the climate 

change effects on the flow. The performance of WSD devices such as bioretention system was 

initially assessed based on the current design standards using different flow reduction indices 

and a match between the baseline and climate change scenario FDCs. The evaluation criteria 

showed that bioretention system under the current design parameters would not alleviate the 

adverse effects of climate change and therefore, mitigation strategies would be required to keep 

the flows ate the baseline. Among the mitigation strategies, the first and the easiest one is to 

increase the percentage of catchment areas allocated to the bioretention system in the system. 
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The performance of bioretention system revealed that significant changes in the footprint of 

WSD devices would be required to mitigate climate change under different scenarios in the 

2050s and 2090s. Almost a linear relationship is observed between the increase in peak predicted 

by all the seven GCMs under the three RCPs and the bioretention area expressed as a percentage 

of the catchment area. The results show that up to 100% increase in the peak flow can be 

mitigated by allocating around 30% of the catchment area to the bioretention system. However, 

for peak flow rise beyond 100%, significant footprints of the bioretention system would be 

required for maintaining the extreme rises in the peak flow at the baseline indicating no or 

minimal developments in the catchment. Various studies have pointed out that a substantial 

increase in the footprints of WSD devices would be required to mitigate the climate change 

impacts under the current design standards. Semadeni-Davies (2012) found that climate change 

would increase the peak flow in the Auckland region and presented an incremental adaptation 

strategy for mitigation through enhancement in the surface area of ponds and rain gardens. In 

Melbourne, Australia,  Zhang et al. (2019) simulated climate change scenarios using multiple 

GCMs and noted that the design sizes of wetlands would vary between 2.5% and 4% of the 

impervious catchment area to alleviate rise in flow projected by various GCMs. It is therefore 

realistic to suppose that an increased percentage of the catchment area under WSD devices 

would be able to intercept extreme rainfall events and thus minimize the risks of frequent floods. 

Most of the studies have evaluated the performance of WSD devices under different design 

storms incorporating the climate change impacts (Da silva et al. 2018; Hatt et al. 2009; 

Semadeni-Davies 2012; Zahmatkesh et al. 2015). However, in the present study, using 

continuous stimulation, flow reduction indices and matching the FDCs of climate change 

scenarios to the baseline provides better understating of the full flow range and proper mitigation 

of the climate change effects. Although, some of the FDCs were not reasonably matched to the 

baseline and this might result in the under or overestimation of the catchment area under WSD 

devices. On the other hand, a predefined percentage of catchment area under WSD devices was 

fixed such as 15% for bioretention system and 6% for permeable pavements under the proposed 

second strategy and their sensitive design parameters were altered to mitigate the climate change 

effects. Current design standards of the bioretention system and permeable pavements show 

mitigation of around 50% rise in the peak flow for the climate change pathways in the 2050s 

and 2090s. However, the relationship between the increase in peak flow and change in berm 

height and soil thickness for bioretention system shows a substantial increase in the dimensions 

of both parameters. Similarly, dimensions of soil thickness and storage length for permeable 

pavements show a significant increase with the percentage increase in peak flow. The higher 



 

109 
 

rise in the peak flow in the 2090s compared to the 2050s results in more alterations in the design 

parameters of the bioretention system and permeable pavement. Chui et al. (2016) also found 

that increasing the berm height of bioretention system increases the percentage reduction of 

peak flow and it more cost-effective however, this increment might not be feasible under all the 

scenarios. They further added that the horizontal expansion of the bioretention system is more 

appropriate for more significant storms rather than vertical increments into soil thickness. 

Permeable pavements perform much better with thicker soil and storage components rather than 

a more horizontal footprint (Ahiablame and Shakya 2016; Chui et al. 2016). It is observed that 

more changes in the dimensions of design parameters of WSD devices would be required in the 

2090s compared to 2050s indicating that rainfall patterns also affect the design values of WSD 

devices as mentioned by Hamel et al. (2013) and Zhang and Chui (2018). Therefore, the 

developed response curves could be used to alter the dimensions of WSD devices to mitigate a 

predefined amount of increased peak flow under climate change. 

A number of uncertainties are also linked to climate change pathways. The parameterization, 

resolution, structure and initial and boundary conditions of the GCMs are some of the major 

sources of errors (Pham et al. 2015; Rummukainen 2010). Mainly all the uncertainties are shifted 

to the grid or station level data when downscaled using statistical or dynamical methods (IPCC 

2013a). Consequently, the data cannot be used in the hydrological models and needs bias-

correction to remove or minimise the errors. Nevertheless, the bias-correction would not be able 

to produce error-free data for modelling purposes (Cui et al. 2018). In this study, the climatic 

data of seven different GCMs downscaled using the two available downscaling methods, has 

been employed. All the data was bias-corrected. It is considered that some GCMs might not be 

able to capture the local climatic parameters efficiently, therefore causing reservations in the 

projections (MEa 2016). Hence, all the alterations projected by this forecast could post 

challenges in the proper investigation of climate change impacts. Among the other uncertainties 

linked to the modelling process for this study include stationary conditions of different 

parameters under the climate change and calibration and validation of the model at the limited 

available flow data. However, it is proved that uncertainties linked to the hydrological models 

are minimal compared to the uncertainties attached to the GCMs (Cui et al. 2018). Subsequently, 

multiple ensembles from the CMIP5 could help to minimise the uncertainties for the studies to 

investigate the climate change impacts (Borges et al. 2017). In this paper, the same technique is 

adopted and the data from seven GCMs is utilized to investigate the climate change effects on 

the flow regime. However, further examination is necessary to improve the errors in the GCMs 

and downscaling approaches to evaluate the variations in the streamflow with higher accuracies. 
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Several limitations are also associated with designing of WSD devices. The incorporated 

designs of the bioretention system and permeable pavements are based on the local design 

standards however, some values such as porosity and suction head were also used from literature 

(James et al. 2010). The devices were considered clogging free and well operation and 

maintenance conditions were taken over the simulation periods. Moreover, the soils of the 

catchment were considered to be fit for the WSD devices. The selection of media with higher 

hydraulic conductivity would enhance the effectiveness of devices and the developed 

relationship between the increase in peak flow and an increase in dimensions of design 

parameters would be valid. However, keeping in mind the uncertainties associated with GCMs, 

the rainfall patterns could be further changed and thus, greater changes would be required in the 

dimensions accordingly. Ultimately, the design of each WSD device would depend on site-

specific characteristics such as rainfall patterns and surface area available.  

4.5. Conclusions and recommendations 

The performance of WSD devices under climate change using multiple CMIP5 ensembles is 

evaluated and subsequently, adaptation strategies of WSD devices are performed to mitigate the 

climate change impacts robustly. The assessment is performed at an urban catchment Lucas 

Creek catchment and the climate change data of seven GCMs are used. PCSWMM is used to 

deploy WSD devices by maintaining the FDCs and flow reduction indices of future climate 

change scenarios at the baseline. Conclusions can be summarised as follows: 

• The model was very well-calibrated and validated as indicated by high values of NS and 

R2 during calibration and validation. Values for RMSE were 3.11 and 1.74 during 

calibration and validation. The assessment of Q10 and Q90 during calibration and 

validation using PBIAS also showed satisfactory calibration of the model that later was 

run for the baseline and future scenarios. 

• Peak flow at Q.001 is forecasted to increase by most of the GCMs under all the three 

scenarios in the 2050s with GCM4 showing the maximum rise (234.11 %) under RCP 

8.5. On the other hand, the maximum decrease is projected by GCM5 under RCP 4.5 (-

18.32 %). Peak flow reduction in the 2090s is forecasted by a smaller number of GCMs 

compared to the reduction in the 2050s under the three-emission pathways. The 

maximum reduction is predicted by GCM7 under RCP 2.6. Overall, peak flow would 

observe a substantial increase in the 2090s under the three emission pathways with 

GCM5 showing the highest rise in the peak flow of 277.79 %. 
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• The effectiveness of the WSD device bioretention system under climate change using 

current design standards showed very fewer values of Rp and Ro. This indicated 

incapability of bioretention system to alleviate the climate change impacts in the 2050s 

and 2090s. Therefore, as a mitigation strategy, response curves were generated between 

the peak flow and the catchment area until an excellent visual match was achieved 

between the baseline and the WSD scenario as well as Rp and Ro values were at least 

more than 70%. Increment in peak flow predicted by most of the GCMs would be 

mitigated under the 30% of the catchment area. A substantial percentage of the area 

would be required once the increase in peak flow reaches above 100%. An increase of 

270% in the peak flow would require more than 67% of the catchment area to be used 

as a bioretention system thus would limit the urban development in the catchment. 

Bioretention was able to mitigate climate change impacts with substantial area 

requirements. 

• Sensitivity analysis of design parameters of the bioretention system and permeable 

pavements was made to assess their adaptation under climate change at a sub-catchment 

S3. For the bioretention system, the adaptation is performed based on berm height and 

soil thickness. Almost 30% and 55% increase in peak flow is directly mitigated by the 

currently used values of berm height and soil thickness in the 2050s and 2090s, 

respectively. However, substantial increments in the design dimensions are required in 

the 2090s for the higher increments in the peak flow such as berm height and soil 

thickness would need to be increased by 86% and 40%, respectively against 250% rise 

in the peak flow under RCP 4.5. Similarly, for permeable pavement, a 78% increment in 

peak flow would require around 100% increases in the dimensions of soil thickness and 

storage length in the 2050s under RCP 2.6. On the other hand, soil thickness and storage 

length would need to be increased by 170% and 125%, respectively against a 260% rise 

in the peak flow in the 2090s under RCP 2.6. Under RCP 8.5, an increase in the peak 

flow and the changes in the dimensions of permeable pavements almost follow a linear 

relationship after a 150% increase in the peak flow. 

• Climate change affects the performance of WSD devices and more catchment area is 

required to be allocated to WSD devices for proper mitigation and keeping the flow at 

the baseline. In contrast, design parameters of WSD devices can be adapted under 

climate change and a substantial change in the dimensions of design parameters of WSD 

devices is required at the specified percentage of the catchment area.  
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The results assess the performance of WSD devices under climate change and developed 

response curves for the mitigation strategies to alleviate the climate change impacts and keep 

the flows at the baseline. Significant variations in the future rainfall projections exist across 

various GCMs. Therefore, analysis of uncertainties among GCMs would provide a better insight 

into the effectiveness of WSD devices in the unknown future. The availability of climatic data 

at higher temporal and spatial scale would be better and future studies involving pollution 

treatment performance of WSD devices can increase their reliability under the uncertain future. 
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Abstract 

Water Sensitive Design (WSD) devices are implemented in urban catchments to minimize the 

adverse effects of increased imperviousness. However, their effectiveness is projected to reduce 

under climate change. The present paper investigates climate change impacts on flood 

frequencies in the Lucas Creek catchment located in Auckland New Zealand. Subsequently, 

mitigation and adaptation capabilities of WSD devices are assessed to offset the climate change 

impacts. Statistically and dynamically downscaled climatic data from seven Global Climate 

Models (GCMs) are adopted under two Representative Concentration Pathway (RCP 4.5 and 

RCP 8.5) scenarios. Calibrated and validated Personal Computer Stormwater Management 

Model (PCSWMM) has been used to generate flow time series to assess the variations in 

streamflow in the 2090s (2081-2100) compared to the baseline (1985-2005). WSD devices such 

as bioretention system and permeable pavements are used to maintain the flood frequency values 

under climate change for selected nine return periods (1, 2, 3, 5, 10, 20, 30, 50 and 100 years) 

at the baseline. The results indicate substantial increments in the magnitudes of all the events 

under climate change. Under RCP 4.5, most of the GCMs have projected an increase in the 

intensity of floods however, GCM7 has shown a decreasing trend for 2-, 3- and 5-year return 

periods. The maximum increments are forecasted by GCM5 indicating a 100-year flood value 

would be increased to 15.3 m3/s that of the baseline value. Nevertheless, a rise is projected in 

the magnitudes of events under RCP 8.5 and notably 100-year return period event is projected 

mailto:a.saleem@auckland.ac.nz
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to be twice to the baseline. The two WSD devices implemented through setup I, setup II and 

setup III for climate change mitigations have shown variations in the mitigation of climate 

change impacts. For setup I, the predictions of most of the GCMs are reduced to the baseline 

under RCP 4.5 however, no comparable results are found under RCP 8.5. Similarly, setup II has 

well mitigated all the floods up to the 10-year return periods. However, the magnitudes of all 

the events from 20- to 100-year return periods are not relieved. On the other hand, setup III has 

offset the predictions of most of the GCMs under RCP 4.5 and RCP 8.5 and the magnitudes of 

mega-floods are brought back to the baseline. The results illustrate the capabilities of WSD 

devices to mitigate the climate change impacts on flood frequencies however, proper adaptation 

strategies are necessary to minimize the uncertainties in an uncertain future. 

Keywords: Climate change, water sensitive design, urban catchment, bioretention system, 

permeable pavement 

5.1. Introduction 

Land use alterations of natural catchments for residential, industrial and commercial purposes 

result in tremendous environmental and hydrological variations. Urbanization directly affects 

the waterways within catchments through elevated runoff rate, runoff volume and flood risks. 

Additionally, infiltration and groundwater recharge are decreased, the water temperature in 

waterways is increased and the habitat behaviors are modified leading towards deteriorated 

water quality. Stormwater management of impervious surfaces has been done through directly 

connecting to surface curbs, gutters and pipe conveyance systems resulting in frequent flood 

events in the low-lying areas. However, in the recent years, directly connected stormwater 

infrastructure has gained less popularity and alternative techniques such as bioretention system, 

permeable pavements, green roof, vegetative swales, constructed wetland and ponds are 

emerged to control the stormwater at source for sustainable land development. These solutions 

are termed as Water Sensitive Design (WSD) in New Zealand, Water Sensitive Urban Design 

(WSUD) in Australia, Low Impacts Development (LID), Best Management Practices (BMP) or 

Green Infrastructure (GI) in the United States of America (USA) (Fletcher et al. 2015) and 

Sponge City in China. WSD devices are basically distributed across the catchment as stormwater 

control measures to mitigate natural hydrologic functions through retention, detention, 

evaporation, and recycle of stormwater at source. 

Various studies have documented the hydrological application of WSD devices mainly to mimic 

storm runoff peak, runoff volume and water quality. For example, Ahiablame and Shakya (2016) 

found that application of permeable pavement, rain barrel and rain garden at various levels 
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resulted in 3-47% reduction of stormwater runoff in the Normal-Sugar Creek Watershed in 

Central Illinois, USA. Similarly, the application of WSD devices reduced the runoff by 42% 

and the peak flow was maintained at the pre-development level in the study conducted by Bedan 

and Clausen (2009). Among the WSD devices, bioretention system and permeable pavements 

are the most commonly used in practice and they are the focus of this study as well. Bioretention 

systems are quite efficient to reduce runoff volume and peak flow and promote infiltration, 

evapotranspiration, groundwater recharge, and pollutant load reduction (Akhter and Hewa 2016; 

Davis et al. 2009). Similarly, permeable pavements at medium and large parking plots reduce 

runoff volume by 50-93%, and related pollutant loads by more than 75% (Ahiablame and 

Shakya 2016; Kamali et al. 2017). However, just like the design of grey infrastructure, WSD 

devices are also designed based on the historical rainfall statistics for a specified period without 

considering the variations in magnitudes of design return periods (Zhou et al. 2018). It is likely 

that WSD devices do not perform well under the increased magnitudes of design return periods 

under climate change and result in increased flood frequencies and disruptions. Therefore, it is 

necessary to investigate the performance of WSD devices under climate change scenarios for 

better adaptation under the uncertain future. 

Climate change is projected to increase rainfall magnitudes and in the absence of proper 

mitigation and adaptation, severe flooding would be observed in the urban areas. Urban flooding 

risks in four catchments of the United Kingdom (UK) were projected to increase by 30% by the 

2080s compared to the baseline year 2000 demanding proper adaptation strategies to mitigate 

the climate change impacts (Ashley et al. 2005). Zhou et al. (2018) found that urban flood 

volume would be elevated by 52% under the worst scenario of climate change compared to the 

current climate of northern China. They further analyzed that local adaptation of climate is more 

effective than the mitigation of climate change through improving urban drainage and installing 

WSD technologies. Similarly, several studies have highlighted the adverse effects of climate 

change on the rainfall intensities and urban hydrology (Akhter et al. 2019b; Da silva et al. 2018; 

Zhang et al. 2019) and possible mitigation and adaptation techniques are proposed (Zhang et al. 

2019; Zhou et al. 2018). However, previous studies in urban areas have mostly focused on 

climate change effects on rainfall intensities, runoff volume and peak flow. However, flood 

frequencies at different return periods under climate change are not properly investigated. Flood 

frequency analysis at different return periods is important for designing of grey infrastructure as 

well as WSD devices to avoid flooding in the low-lying areas. Therefore, climate change effects 

on flood frequencies and the capabilities of WSD devices to mimic these effects need to be 

examined so that the flow values of different return periods could be maintained at the baseline.  
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Although WSD devices are well known for their stormwater management capabilities, their 

efficiency to mitigate the climate change effects on the flood frequencies is not well studied, 

especially at a sub-catchment scale. The aim of the present study is to evaluate through a case 

study the effectiveness of WSD devices to mitigate the climate change effects on the flood 

frequencies of different return periods. The specific objectives are to (1) assess the climate 

change effects on flood frequencies using multiple CMIP5 (the Coupled Model Intercomparison 

Project phase 5) ensembles; and (2) investigate the capabilities of WSD devices to mitigate the 

climate change effects and maintain the flood frequencies at the baseline level. This 

investigation would be useful for urban planners and metropolitan cities to manage the climate 

change effects within various planning scenarios of the urban development so that steep rise in 

the cost of managing floods in the future could be avoided. 

5.2. Methodology 

5.2.1. Study area and data 

The Lucas Creek catchment is situated on the north side of Auckland in New Zealand. The total 

drainage area of the catchment is 626.35 ha (Figure 5.1). More than 55% of the catchment is 

urbanized and the land is mostly used for residential and commercial purposes (AC 2017). The 

catchment runoff is managed through pipe stormwater network that ultimately discharges into 

the open channel of the catchment. Therefore, flooding in the open channel has caused many 

problems related to stormwater quality, erosion and other ecological damages (NSC 2010). The 

low lying areas of the catchment are observing more frequent floods which would be elevated 

in the future because of climate change and dense urbanization (Moores et al. 2016). Therefore, 

the Auckland Council (AC), in the Auckland Unitary Plan (AUP), has stated that the catchment 

is of high importance and sensitivity in terms of stormwater planning and management (AC 

2017).   
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Figure 5.1 The Lucas Creek catchment boundary and hydro-meteorological stations 
 The AC and the National Institute of Water and Atmospheric Research (NIWA) have installed 

several meteorological stations in the surroundings of the Lucas Creek catchment to record 

rainfall, potential evapotranspiration and stormwater quantity and quality (Figure 5.1). The 

length of data varies at different meteorological stations because of their closure or relocation. 

Three stations were selected for this study, named Albany at Albany Heights Rd, Torbay at 

Glamorgan School, Oteha at Rosedale Rd tip and rainfall data was obtained for them. Therefore, 

the mean areal rainfall over the catchment was calculated using the Thiessen polygon method. 

The mean annual rainfall in the catchment varies between 1104 mm to 1155 mm. The potential 

evapotranspiration data were also collected from the nearest station. The mean annual 

evapotranspiration in the catchment varies between 848 mm and 1017 mm. Similarly, a flow 

gauge has been installed at the outlet of the Lucas stream to measure the stormwater at the Gills 

road point. The observed daily flow data from 2007 to 2016 was available for model calibration 

and validation. The mean annual discharge of the catchment varies from 36 m3/s to 73 m3/s. 

There are two major storage units and some small ponds in the catchment. Due to non-

availability of detailed data and for model simplification, only major storage units were included 

in the model. The spatial datasets such as land-use, soils types and Digital Elevation Model 

(DEM) were also obtained from the AC (Figure 5.2). DEM has a resolution of 1 m x 1 m. 
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Figure 5.2 Description of the study catchment: a) land use b) digital elevation model  
Future projections of climate change data such as rainfall and potential evapotranspiration of 

seven GCMs from the Fifth Assessment Report (AR5) of the Intergovernmental Panel on 

Climate Change (IPCC) were used in the present study. The AR5 is based on the Coupled Model 

Intercomparison Project phase 5 (CMIP5) which consists of Representative Concentration 

Pathways (RCPs) called RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5. Further details can be found 

in IPCC (2013a). RCP 4.5 is a medium level scenario while RCP 8.5 is the extreme scenario 

with business as usual. Therefore, RCP 4.5 and RCP 8.5 were selected for this study to examine 

the effects of climate change at medium and extreme levels. RCP 4.5 leads Radiative Forcing 

(RF) RF to 4.2 W/m2 beyond 2100, and RCP 8.5 leads RF to 8.5 W/m2 by 2100. Dynamically 

downscaled and biased corrected data were acquired from NIWA, New Zealand. At NIWA, the 

data was downscaled using HadRM3P (Hadley Centre Regional Climate Model, version 3) 

RCM at 5 km grid at daily time scale for six GCMs. The details of six GCMs are provided in 

Table 1 and all the GCMs would be named with their GCM number in the table such as GCM1, 

GCM2, GCM3, GCM4, GCM5 and GCM6. In the case of the rainfall data at the NIWA, Linked 

empirical Modelled and Observed Distribution (LeMOD) is used for minimizing the biases. In 

LeMOD, the biases in the frequency distribution of the model data are removed using a semi-

empirical statistic technique. Further details about the dynamical downscaling and LeMOD bias 

correction method used by the NIWA can be found in (MEa 2016; MEb 2018) and (Sood 2015). 

On the other hand, the Statistical Downscaling Model (SDSM) was applied to downscale data 
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from GCM7 (Table 5.1) at a daily time step. The detailed statistical downscaling process is 

discussed in Akhter et al. (2017) and Akhter et al. (2019b).  

Table 5.1 List of selected GCMs and the downscaling method 

GCM 

No. 

GCM 

abbreviation 

GCM Name Downscaling 

method 

1 CESM1.CAM5 Community Earth System Model-Community 

Atmosphere Model 

RCM 

2 BCC.CSM1.1 Beijing Climate Centre Climate System Mode

l 

RCM  

3 GFDL.CM3 Geophysical Fluid Dynamics Laboratory 

coupled climate model 

RCM 

4 GISS.E2.R Goddard Institute for Space Studies-

ModelE/Russell 

RCM 

5 HadGEM2-ES Hadley Global Environment Model 2-Earth 

System 

RCM 

6 NorESM1.M The Norwegian Earth System Model RCM 

7 CanESM2 Second Generation Canadian Earth System 

Model 

SDSM 

 

5.2.2. Model description, conceptualization, calibration, and validation 

PCSWMM/SWMM is a comprehensive model used to simulate stormwater quantity and quality 

for event-based modeling or continuous simulation. The rainfall-runoff transformation process 

is completed through a series of four operations called algorithms (James et al. 2010). Rainfall 

and evaporation data are needed for an atmospheric algorithm that was collected from AC and 

NIWA at meteorological stations around the study area. The surface algorithm requires land-

use and soil type data within the catchment which were gained from GIS layers available from 

the AC. For water transport algorithm, the information regarding junctions and conduits is 

desired to represent the drainage network in the catchment. For this purpose, DEM was used to 
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retrieve the conduit and junction information in PCSWMM. Similarly, groundwater algorithm 

needs data related to groundwater and aquifer. Unfortunately, the data required for this 

algorithm was not readily available from the AC therefore; most of the default data values were 

used for the model set up considering deep aquifers in the catchment. The DEM data was used 

to develop the storage curves for the two storage units in the catchment. The catchment was 

further discretized into twenty-two sub-catchments connected through conduits, junctions and 

storage units as shown in Figure 5.3. The flow gauge is represented as an outfall. Sub-catchment 

and land-use layers were utilized to estimate the percentage of imperviousness in each of the 

sub-catchment to be used for model calibration. All roads, buildings and other paved areas 

within the catchment were treated as impervious area. 

 

 

Figure 5.3 Catchment discretization into sub-catchments 
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Calibration of the model was done to obtain the best set of parameters. A tool called Sensitivity-

based Radio Tunning Calibration (SRTC) is available in PCSWMM to perform the calibration 

process based on the sensitivity assigned to different parameters (Finney and Gharabaghi 2011). 

The parameter selection for calibration and allocation of sensitivity values depends on the 

sources of the data. The process adopted by James (2005) was followed to assign the sensitivity 

values to impervious percentage, sub-catchment width, Manning’s roughness for conduits, 

impervious and previous area, depression storage for the impervious and pervious area, 

minimum and maximum infiltration rate, decay constant, dry time and groundwater flow 

coefficients and exponents as presented in Table 5.2. Alongside the SRTC tool, the manual trial 

and error method was also applied to adjust different other parameters of groundwater 

component related to aquifer properties. 

The mean value of the parameters is redefined using the allocated sensitivity values through the 

upper (VUpper) and lower (VLower) bounds of the parameters estimated by the given equations 

(CHI 2018): 

𝑉𝑉𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 =  𝑉𝑉𝐶𝐶𝑢𝑢𝑈𝑈𝑈𝑈𝑈𝑈𝐶𝐶𝑡𝑡 × (1 + 𝑉𝑉𝑓𝑓)                                        (1) 

 𝑉𝑉𝐿𝐿𝐿𝐿𝐿𝐿𝑈𝑈𝑈𝑈 =  𝑉𝑉𝐶𝐶𝑢𝑢𝑈𝑈𝑈𝑈𝑈𝑈𝐶𝐶𝑡𝑡 × � 1
(1+𝑉𝑉𝑓𝑓)

�                                         (2) 

Where 

V Current = Pre-calibration value of parameter  

V f = Percentage change of the value calculated for the range (fraction) 
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Table 5.2 Parameters for calibration and allocated uncertainties 

Parameter notation Name Assigned uncertainty 

value (%) 

Imperv. % Impervious percentage 60 

Width Sub-catchment width 100 

N Perv and Imperv  Manning’s roughness for pervious 

and impervious area 
50 

Dstore Perv and Imperv Depression storage for pervious 

and impervious area 
80 

Max. and Min. Infl. rate Maximum and minimum 

infiltration rate 
100 

Decay constant Decay constant 100 

Dry time Dry time 100 

Geom. Geometry and maximum depth of 

conduits 
50 

A1, A2 and B1, B2 Ground water flow coefficients and 

exponents 
100 

Roughness Manning’s roughness of conduits 50 

 

Although the rainfall data was available for the period 1985-2016 however, the observed flow 

data was only available for the period 2007 to 2016. Therefore, the model was calibrated using 

the period 2007 to 2013 and the model validation was performed for the time slice covering the 

period 2013 to 2016. The Nash-Sutcliffe (NS) coefficient, the Root Mean Square Error (RMSE), 

and the coefficient of determination (R2) were used to assess the performance of the model 

during the periods of calibration and validation. Additionally, the low flow (Q90) and the high 

flow (Q10) indices were obtained during calibration and validation using the Percentage Bias 
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(PBIAS) criteria to verify the trends in discharge simulations. NS, R2, RMSE, and PBIAS values 

are calculated using the following equations: 

𝑁𝑁𝑅𝑅 = 1 −  ∑ (𝑋𝑋𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖− 𝑋𝑋𝑜𝑜𝑖𝑖𝑠𝑠,𝑖𝑖
𝑛𝑛
𝑖𝑖=1 )2

∑ (𝑋𝑋𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖− 𝑛𝑛
𝑖𝑖=1 𝑋𝑋𝑎𝑎𝑎𝑎𝑎𝑎)2

         (1) 

𝑅𝑅2 =  ∑ (𝑋𝑋𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖−𝑋𝑋�𝑜𝑜𝑜𝑜𝑜𝑜)(𝑋𝑋𝑜𝑜𝑖𝑖𝑠𝑠,𝑖𝑖−𝑋𝑋�𝑜𝑜𝑖𝑖𝑠𝑠)𝑛𝑛
𝑖𝑖=1

�∑ (𝑋𝑋𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖−𝑋𝑋�𝑜𝑜𝑜𝑜𝑜𝑜 )2𝑛𝑛
𝑖𝑖=1 ∑ (𝑋𝑋𝑜𝑜𝑖𝑖𝑠𝑠,𝑖𝑖−𝑋𝑋�𝑜𝑜𝑖𝑖𝑠𝑠 )2𝑛𝑛

𝑖𝑖=1

       (2) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =  �∑ (𝑋𝑋𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖−𝑋𝑋𝑜𝑜𝑖𝑖𝑠𝑠,𝑖𝑖)𝑛𝑛
𝑖𝑖=1

2

𝐶𝐶
         (3) 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑅𝑅 =  ∑ (𝑋𝑋𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖−𝑋𝑋𝑜𝑜𝑖𝑖𝑠𝑠,𝑖𝑖)𝑛𝑛
𝑖𝑖=1
∑ (𝑋𝑋𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖)𝑛𝑛
𝑖𝑖=1

𝑋𝑋100        (4) 

where 𝑛𝑛 is the number of time steps;  𝑋𝑋𝐿𝐿𝑏𝑏𝑠𝑠,𝑖𝑖 and 𝑋𝑋𝑠𝑠𝑖𝑖𝑠𝑠,𝑖𝑖 are the observed and simulated values at 

time step 𝑖𝑖 respectively and 𝑋𝑋𝑎𝑎𝑎𝑎𝑎𝑎 is average daily value over the simulation year.  

 5.2.3. Climate change and WSD devices  

PCSWMM was run to produce a discharge time series for the baseline and the two scenarios 

obtained from all the seven GCMs. The period of 1985 to 2005 is used as a baseline while the 

future scenario analysis is performed in the 2090s (2081-2100). Following this, the frequency 

analysis is performed using the Annual Maximum (AM) data. The Extreme Value type I (EV-

I) frequency analysis is an important tool to inspect the effects of climate change on the 

magnitude of extreme events of different return periods. HYFRAN-PLUS software (El Adlouni 

and Bobée 2015) was used for frequency analysis and the Gumbel distribution was found to be 

adequately fitting the observed AM data. Therefore, flood frequencies for the baseline, RCP 4.5 

and RCP 8.5 were obtained at 1, 2, 3, 5, 10, 20, 30, 50 and 100 years return periods for all the 

seven GCMs. 

Among the WSD devices, the bioretention system (named as WSD1) and the permeable 

pavement (named as WSD2) are examined in the present study. Both WSD1 and WSD2 can be 

used for both retention and detention systems. For performance analysis, three setups were 

developed: setup I, setup II and setup III. In Setup I, WSD1 of 50 m2 unit area was implemented 

and the number of units was adjusted to cover almost 15% of the sub-catchment area to capture 

the runoff. WSD1 was designed based on the AC design guidelines and previous studies 

(Ahiablame and Shakya 2016; Cunningham et al. 2017; James et al. 2010; Lewis et al. 2015). 

Eight drain pipes of 110 mm were used based on the AC criteria of one drain pipe of 110 mm 

for each 6 m2 area of bioretention system (Cunningham et al. 2017). No clogging problem was 
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assumed over the life span of five to ten years as the systems are source control measures 

therefore, well maintained over the lifetime. Setup II used WSD2 of 30 m2 unit area to capture 

the discharge from 30% of the impervious catchment area consisting of secondary roads, streets 

and car parking facilities. The secondary roads and streets were taken 8 m and 3 m wide, 

respectively. A drain pipe of 100 mm was used in the model (Cunningham et al. 2017). While 

setup III used both bioretention system and permeable pavement (named as WSD12) in line to 

behave as WSD train for comparison purposes to the individual scenarios. The design 

parameters used to represent the bioretention system and the permeable pavement in PCSWMM 

are supplied in the supplementary data Appendix F which includes the schematic sketches as 

well. Under the three scenarios, the analysis is performed for all the seven GCMs to maintain 

the flood frequencies at the baseline.  

5.3. Results and discussions 

5.3.1. PCSWMM performance during calibration and validation 

The sensitivity of all the parameters selected for calibration was checked within the SRTC tool. 

Further details about the working of the SRTC tool for calibration process can be found in CHI 

(2018) and Finney and Gharabaghi (2011). All the insensitive parameters such as depression 

storage pervious, groundwater exponents and Manning’s roughness of conduits were set with 

the initially assigned values. Following this, all the sensitive parameters were tuned until the 

best match between observed and simulated discharges was achieved. However, it was noticed 

that aquifer properties and infiltration rates were directly affecting the low flow component of 

the flow duration curve. Therefore, a sensitivity analysis of aquifer properties was performed. 

Sensitivity analysis of aquifer parameters such as Upper Evaporation Fraction (UEF), Upper 

Zone Moisture (UZM), Lower Groundwater Loss Rate (LGLR), Water Table Elevation (WTE), 

Tension Slope (TS), Conductivity Slope (CS) and conductivity are presented in Figure 5.4. All 

the remaining parameters of aquifer properties not mentioned here are considered either does 

not affect the groundwater flow or their values were calculated that cannot change. Based on 

sensitivity analysis, the manual trial and error method was used to adjust the sensitive 

parameters until a good agreement was observed at the low flow. 

During the calibration and the validation periods, the performance evaluation criteria NS, R2, 

RMSE for daily flow and PBIAS for Q10 and Q90 are presented in Table 5.3. Form table 3, it is 

evident that the model has performed quite well regarding high values of NS and R2; 0.76 and 

0.80, respectively during calibration (2007-2013) and 0.72 and 0.79 during validation (2014-
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2016). Similarly, low RMSE values (3.11 during calibration and 1.74 during validation) suggest 

the satisfactory calibration of the model. On the other hand, Q10 and Q90 were utilized to assess 

the model behavior for high and low flow during calibration using PBIAS. The results indicate 

that PCSWMM has performed quite well to capture the trends in the observed discharge series 

for high and low flows. A model with NS values greater than 0.7 and PBIAS within -25% to 

25% is treated as well calibrated (Moriasi et al. 2007) 

 

 

Figure 5.4 Sensitivity analysis of groundwater aquifer parameters 
Table 5.3 Statistical criteria for model assessment during calibration and validation 

Period Daily flow Q10 Q90 

NS R2 RMSE PBIAS % PBIAS (%) 

Calibration (2007-2013) 0.76 0.80 3.11 5.26 5.79 

Validation (2014-2016) 0.72 0.79 1.74 8.82 6.86 

 5.3.2. Climate change effects 

Before assessing the performance of WSD devices, the climate change impacts on the flood 

frequencies of selected nine return periods (1, 2, 3, 5, 10, 20, 30, 50 and 100 years) are compared 

to the baseline in the 2090s as shown in Figure 5.5. Under RCP 4.5, a wide range of increase in 

the magnitudes of floods is observed (Figure 5.5a). Most of the GCMs have projected a slight 

increase in the magnitude of the 1-year return period flood and a minimum increase is noticed 

in 2-year return period flood. GCM7 show a decreasing trend for 2-, 3- and 5-year return periods. 
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At the higher return periods, the predictions of all the GCMs show variations among themselves. 

However, five of the seven GCMs (GCM1, GCM2, GCM4, GCM6 and GCM7) show that the 

magnitude of a 100-year flood would be increased from 4.95 m3/s to a maximum value of 8.2 

m3/s. On the other hand, GCM3 and GCM5 predict that the value of 100-year flood would be 

12 m3/s and 15.3 m3/s, respectively in the 2090s.  

Similarly, all the GCMs have shown a mixed behavior towards predicting the increases in the 

rainfall depths of flood events under RCP 8.5 (Figure 5.5b). None of the GCMs has shown a 

decrease in the magnitude however, a minimum increment is projected in 2-year return period 

event. For the 100-year return period, the maximum magnitude is projected by GCM5 which is 

twice that of the baseline. Although RCP 8.5 is the worst-case scenario, the maximum peak 

increment in the 100-year return period is less than that obtained under RCP 4.5. However, more 

GCMs under RCP 8.5 have forecasted an increase in the magnitudes of different events 

compared to the predictions under RCP 4.5. All the GCMs have different mechanisms to project 

the rainfall therefore, variations are observed in the magnitudes of flood events. Overall, it is 

most likely that the Lucas Creek catchment would observe more large-floods with high 

intensities in the future and proper mitigation and adaptation measures would be necessary to 

keep the flow at the baseline.  

 



 

127 
 

 

Figure 5.5 Flood frequency analysis of the baseline and the future projections in the 2090s under 
a) RCP 4.5 and b) RCP 8.5 

 5.3.3. Effectiveness of WSD devices 

Following the climate change effects on flood frequency analysis of the Lucas Creek catchment, 

WSD devices WSD1, WSD2 and WSD12 are used to mitigate the climate change effects. Three 

setups are developed to maintain the magnitudes of all the selected nine return periods at the 

baseline so that flooding risks in low lying areas could be avoided. The performance of WSD1, 

WSD2 and WSD12 in the setup I. setup II and setup III is explained in coming sections below. 
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5.3.3.1. Setup I 

The results of flood frequency analysis under climate change for individual GCMs and the 

application of WSD1 to adapt the climate change effects are presented in Figure 5.6 under RCP 

4.5. The Gumbel distribution estimates of future data showed a significant increase in the 

magnitudes of high-frequency events. However, the application of WSD1 with the Lucas Creek 

catchment has shown a different level of performance to mitigate the climate change effects in 

the flood magnitudes. For GCM1, the use of WSD1 would match the magnitudes of 1-year 

return period to the baseline value (Figure 5.6a). However, the magnitudes for the rest of the 

return periods are further reduced even below the baseline values indicating that WSD1 has 

mitigated the climate change effects projected by GCM1 very significantly. A similar 

performance is shown by WSD1 in the case of GCM2 (Figure 5.6b). However, Figure 5.6c 

shows that WSD1 would not be able to mitigate the increase in the magnitudes projected by 

GCM3 for all the return periods. It can be seen that only 1-year, 2-year and 3-year return periods 

are matched with the baseline. Although a decrease is observed in the magnitudes of the higher 

return periods however, none of them has their magnitudes close to the baseline values under 

WSD1. Interestingly, GCM5 has also behaved similarly by the application of WSD1 and none 

of the higher flood frequencies would be mitigated in the 2090s (Figure 5.6e).  

On the other hand, the predictions of an increase in the magnitudes of flood frequencies are well 

alleviated by WSD1 for GCM4, GCM6 and GCM7 (Figure 5.6d, 5.6f and 5.6g). Figure 5.6h 

provides an ensemble mean of the GCMs in the Lucas Creek catchment and shows the overall 

performance of WD1 to adapt to the climate change in the 2090s with Upper Confidence Level 

(UCL) and Lower Confidence Levels (LCL) at the 95% confidence limit. It can be seen that 

WSD1 has mitigated the climate change effects in the magnitudes of frequencies up to 10-year 

return period. Nevertheless, higher events with extreme magnitudes are not mitigated by the 

WSD1. Overall, it can be seen that the rainfall predictions by the GCMs vary a lot in their effects 

on the magnitudes of flood frequencies. Therefore, the performance of WSD1 is different for 

various GCMs. WSD1 can detain and retain the water for minimizing the climate change effects 

however, the performance of WSD1 depends on multiple factors such as inter-event time 

interval, soil moisture from previous event and many others. Therefore, GCMs with the highest 

increase in the magnitudes of different events are not mitigated to the baseline.  
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Figure 5.6 The performance of WSD1 to maintain the flood frequencies at the baseline under 
RCP 4.5 
Figure 5.7 shows the results of WSD1 under RCP 8.5 to mitigate the climate change impacts of 

each GCM in the 2090s. It can be seen from Figure 5.7a that WSD1 can match the flood 

frequencies of just low return periods such as 1-year, 2-year, 3-year and 5-year to the baseline 

while the higher return periods are not matched. This variation indicates the poor performance 

of WSD1 to mitigate the climate change impacts and keep the magnitudes of bigger-events at 
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the baseline though there is a reduction in the extent of flow values. In contrast, the predictions 

of GCM2 and GCM3 are reduced to even below the baseline values showing an excellent ability 

of WSD1 to detain and retain the peak flows and flooding events. The predictions of increments 

in the magnitudes of big-events by GCM4 are mitigated by WSD1 till 30-year return period. 

The magnitudes of 50-year and 100-year return periods are reduced close enough to baseline 

Figure 5.7d. Similarly, WSD1 does not perform well under the projections of GCM5 and GCM7 

and mitigated flood frequencies of low return periods. A reduction in the magnitudes of events 

with higher return is noticed but these values are not close to the baseline.  Figure 5.7f shows 

that WSD1 has mitigated the magnitudes of all the events and maintained the peak flow values 

below the baseline.  

RCP 8.5 is the worst-case scenarios therefore, all the GCMs have projected an increase in the 

magnitudes of big events. Overall, it can be seen that the predictions of only three GCMs GCM2, 

GCM3 and GCM6) would be mitigated by WSD that have forecasted the same level of increase 

in the magnitudes of all the nine return periods. On the other hand, the remaining four GCMs 

have projected higher increments in the magnitudes of all the events and only low return periods 

are within the capability of WSD1 for mitigation and keeping the flow at the baseline. Figure 

5.7h shows that the predicted values of 20-year. 30-year, 50-year and 100-year return periods 

are even beyond the UCL of the ensemble mean of all the GCMs under RCP 8.5. Although a 

variation is observed among the projections of all the GCMs however, the forecasted increments 

in the magnitudes for most of the GCMs are quite high. Therefore, WSD1 could not mitigate all 

the increases in the chosen return periods in the Lucas Creek catchment in the 2090s.  
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Figure 5.7 The performance of WSD1 to maintain the flood frequencies at the baseline under 
RCP 8.5 
 

5.3.3.2. Setup II 

The performance of WSD2 to mitigate the climate change impacts under RCP 4.5 is presented 

in Figure 5.8. For GCM1, the application of WSD2 would match the magnitudes of 1-year to 
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10-year return periods to the baseline value (Figure 5.8a). However, the magnitudes for the rest 

of the return periods are reduced to the baseline values. Figure 5.8b shows that WSD2 has 

reduced the magnitudes of all the return periods even below the baseline values indicating that 

WSD2 has mitigated the climate change effects projected by GCM2 very significantly. A similar 

performance is shown by WSD2 in the case of GCM3 and GCM4 (Figure 5.8c and 5.8d). 

However, Figure 5.8e and 5.8f show that WSD2 would not be able to mitigate the increase in 

the magnitudes projected by GCM5 and GCM6 for all the return periods. Most of the low return 

periods such as 1-year, 2-year, 3-year and 5-year return periods are matched with the baseline 

values. Although a decrease is observed in the magnitudes of the higher return periods however, 

none of them has their magnitudes close to the baseline values under WSD2. The predictions of 

GCM7 are mitigated until 10-year return periods while higher return periods are not mimicked 

by application of WSD2 (Figure 5.8g). The magnitudes of the 10-year return period’s event have 

performed as a point of intersection between the low and high return period floods.  

Overall, the ensemble mean of all the seven GCMs is shown in Figure 5.8h with UCL and LCL 

at 95% confidence limit. The application of WSD2 has well mitigated all the floods until 10-

year return periods. However, the magnitudes of all the big-events from 20-year return period 

to the 100-year return period are not relieved. Even the UCL shows that all the mega-events 

would not be mitigated by the application of WSD2. WSD2 have stormwater retention and 

detention capabilities however, the percentage of catchment area under WSD2 is much less than 

WSD1. Among all the individual GCMs, there is a significant variation in the mitigation of 

different flood frequencies due to different extent of increases in the magnitudes of all the return 

periods. 
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Figure 5.8 The performance of WSD2 to maintain the flood frequencies at the baseline under 
RCP 4.5 
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The mitigation capabilities of WSD2 for each GCM in the 2090s under RCP 8.5 is shown in 

Figure 5.9. The increments in the flood frequencies of all the selected nine return periods 

projected by GCM1 and GCM2 are well mitigated by WSD2. The magnitudes are well reduced 

to the baseline with no further effects on the waterways. Nevertheless, all the remaining five 

GCMs have shown the behaviors oppositely. WSD2 have mitigated the effects of climate change 

under all the lower return periods up to 5-year and all the higher return periods 10-year to 100-

year) are not well mitigated. The magnitudes of higher return periods are reduced after 

deployment of WSD2 from the origination predictions of the GCMs without WSD2 however, 

the reductions are not sufficing enough to minimize the values to the baseline. Among all the 

GCMs, the decline in the magnitudes of higher return periods has shown some variations such 

as the magnitudes of a 100-year return period event predicted by GCM4 and GCM5 are reduced 

close to the baseline value compared to GCM3, GCM6 and GCM7. The ensemble mean of all 

the GCMs has shown a similar trend indicating that the events of 1-year, 2-year, 3-year and 5-

year return periods are mitigated well by the application WSD2 under RCP 8.5. All the higher 

return period events would not be reduced to the baseline and would leave a significant impact 

on the stormwater infrastructure in the Lucas Creek catchment.  
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Figure 5.9 The performance of WSD2 to maintain the flood frequencies at the baseline under 
RCP 8.5 

5.3.3.3. Setup III 

In comparison to the previous two setups, setup III involved a train of WSD12 in the simulations. 

During the application of the train process in WSD12, the runoff from first entered into WSD1. 

The excess runoff or the stormwater draining from the drainage pipes of WSD1 late came into 

WSD2. The results of flood frequency analysis under climate change for individual GCMs and 
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the application of WSD12 to alleviate the climate change effects under RCP 4.5 are presented 

in Figure 5.10. It can be seen from the figure that projected increments by each GCM in the 

magnitudes of all the nine return periods are well mitigated to the baseline except GCM3 and 

GCM5. The application of WSD12 as a train has proved to be an excellent mitigation and 

adaptation strategy to mimic the climate change effects on the flood frequencies. However, the 

poor performance of WSD12 in the case of GCM3 and GCM5 might be related to the unique 

rainfall characteristics projected by the GCMs in the 2090s. WSD12 has only alleviated the 

some of the events of lower return periods such as 1-year, 2-year and 3-year and the magnitudes 

of all the rest flooding events are reduced to some extent but not sufficiently close to the 

baseline. However, the ensemble mean indicates an excellent performance of WSD12 by 

showing a very well match between the magnitudes of WSD12 simulation and the baseline.  

Based on the ensemble, the results of WSD12 are very close to the baseline. The climate change 

effects under RCP 4.5 in the 2090s are mimicked excellently by the application of WSD12 as a 

train that allows more space and time for detention and retention of the stormwater.  
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Figure 5.10 The performance of WSD12 to maintain the flood frequencies at the baseline under 
RCP 4.5 
Figure 5.11 shows the performance of WSD12 to alleviate the effects of climate change under 

RCP 8.5. Most of the GCMs predict a significant increase in the magnitudes of all the nine return 

periods however, WSD12 has performed well to mitigate the rises by keeping them close to the 

baseline. Among the seven GCMs, the predictions of three GCMs: GCM1. GCM5 and GCM7 

are not fully mimicked to the baseline. It can be seen from Figure 5.11a, 5.11e and 5.11g that 

WSD12 is only able to mitigate the magnitude of only smaller return periods up to 5-year to the 
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baseline. However, all the remaining 6 return periods have magnitudes much higher than the 

baseline despite a notable decrease in their magnitudes from the predictions. For example, the 

magnitude of a 100-year return period projected by GCM1 was 10.8 m3/s that is reduced to 7.2 

m3/s under the application of WSD12 however, this value is not close to the baseline value of 

5.9 m3/s.  

On the other hand, the projections of the other four GCMs: GCM2, GCM3, GCM4 and GCM6 

are adequately mitigated by WSD12 under RCP 8.5. For example, WSD12 has reduced the 

magnitude of a 100-year return period projected by GCM 2 from 8 m3/s to 4.5 m3/s which is 

even lower than the baseline value of 5.9 m3/s. The application of WSD12 as a train has proved 

to be an excellent mitigation and adaptation strategy to mimic the climate change effects on the 

flood frequencies. The ensemble mean indicates an outstanding performance of WSD12 by 

showing a very well match between the magnitudes of WSD12 simulation and the baseline 

varying from 1-year return period to 100-year return period under RCP 8.5. Overall, the 

application of WSD12 has significantly mitigated the climate change effects on flood 

frequencies of all the selected nine return periods by retention and detention of runoff in the 

2090s.  
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Figure 5.11 The performance of WSD12 to maintain the flood frequencies at the baseline under 
RCP 8.5 
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5.4. Discussion 

This study is focused on analyzing the impacts of climate change on flood frequencies of 

different return periods using multiple CMIP5 ensembles. For this purpose, statistically and 

dynamically downscaled climatic data of seven GCMs are used to simulate the future variations 

in the flood frequencies using a calibrated and validated PCSWMM model.  The results show 

that climate change is anticipated to affect the flood frequencies and their magnitudes in the 

Lucas Creek catchment. However, different GCMs have projected a different level of rise in the 

magnitudes of all the selected nine return periods. This could be related to the diverse nature of 

each GCM and its representation of all the physical processes. IPCC (2013a) highlights that all 

the GCMs have a different combination of atmosphere, ocean and ice components resulting in 

a different level of forecasts of future climate variability. Therefore, the application of multiple 

scenarios across various GCMs is hypothesized to be better than the application of a single 

scenario within a single GCMs (Zhang et al. 2019). A similar approach applied in this study has 

indicated that some GCMs have performed closer to others and thus, encompassing a more 

conservative approach towards the degree of uncertainty among all the GCMs.  

The application of WSD devices to offset the climate change impacts reveals different extents 

of mitigation for different return periods under RCP 4.5 and RCP 8.5. The deployment of all 

WSD devices in all the three setups have shown that magnitudes of all the lower return periods 

would be reduced even below the baseline scenario offsetting the adverse impacts of climate 

change. Nevertheless, a significant variation is observed for most of the higher return periods 

under the two emission scenarios with the application of WSD devices. The magnitudes of 

higher return periods are reduced but these are not close to the baseline values by WSD. WSD 

performance during the first two setups for higher flows has been minimal compared to the third 

setup which shows a significant decrease in the magnitudes of higher return periods as well. 

Likewise, the variations in the performance of WSD devices in all the three setups for lower and 

higher return periods, the discrepancies were also visible among all the seven GCMs within a 

single emission scenario. Numerous studies have highlighted that the performance of WSD 

devices varies with the flood magnitudes at different return periods. Compared to the baseline 

scenario with no WSD devices, Sohn et al. (2019a) observed approximately 50% decrease in 

the peak flow of 1-year return periods and around 15% decrease in the 100-year return period 

event illustrating that flood reduction capabilities of WSD devices decline with the increase in 

the magnitudes of higher return periods. Likewise, the flood frequency analysis conducted by 

Zahmatkesh et al. (2014) found that WSD would offset the climate change affects and a 50-year 
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return period flood would be decreased to a 25-year return period flood. However, the 

deployment of WSD devices in a train are supposed to enhance their performance compared to 

the individual devices. A comprehensive analysis performed by Ahiablame and Shakya (2016) 

showed that application of WSD devices in the series increases their effectiveness to retain and 

detain more water and thus mitigate the adverse effects of urbanization and climate change. A 

similar performance is noticed under setup three where even 100-year return period floods are 

mitigated to the baseline for most of the GCMs under both the emission scenarios. This 

highlights the facts that WSD devices can be adapted to mitigate the effects of climate change 

through their deployment in series or as a train. Among the other methods, the adaptation process 

can be completed by increasing the percentage of catchment area under WSD devices or 

extending the design dimensions of WSD devices available under local design manuals (Zhang 

et al. 2019). A combination of WSD devices and other flood mitigation strategies of grey 

infrastructure could also be used to mitigate the climate change impacts in the urban catchments 

(Kirshen et al. 2015). However, the performance of WSD devices is subjected to various factors 

such as land-use types, groundwater table, antecedent moisture, vegetation, soil types, rainfall 

patterns, efficient storage depth of devices and many other related parameters (Espeland and 

Kettenring 2018; Kim et al. 2015; Sohn et al. 2019a). The magnitudes of flood frequencies are 

projected to elevate in New Zealand in future (MEb 2018) and therefore, proper adaptation of 

WSD devices is necessary to offset the climate change impacts and keep the floods at the 

baseline. 

A variety of uncertainties is associated with the climate change scenarios anticipated by GCMs. 

Some of the major errors are caused by resolution, parameterization, initial and boundary 

conditions and structure of the GCMs (Pham et al. 2015; Rummukainen 2010). As the 

downscaling process takes place, all these associated uncertainties are transferred to the grid or 

station level data used for further analysis (IPCC 2013a). Consequently, bias correction of the 

projected data is required before it can be used in hydrological models. Nevertheless, bias 

correction process can not eliminate all the errors in the data (Cui et al. 2018) due to the 

involvement of a unique structure and mechanism in the GCMs to run the physical and the 

dynamical processes. 

Furthermore, there are some other uncertainties related to the assumptions made for the 

hydrological model development. Model parameters are assumed to remain stationary under the 

changing climate. Model calibration and validation have been performed for the duration of 

available observed flow data. Longer periods of observed flow data would have improved the 

performance of the model. However, the uncertainties resulted from GCMs are much more 
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significant compared to the hydrological models (Cui et al. 2018). Consequently, the climate 

change impact assessment can be performed using multiple ensembles generated from different 

GCMs (Borges et al. 2017). Further improvements could be made in the GCMs and downscaling 

methods so that streamflow analysis can be performed with better accuracies. 

5.5. Conclusions and recommendations 

This study evaluates the performance of WSD devices under climate change using multiple 

CMIP5 ensembles and subsequently, an adaptation of design parameters of WSD devices is 

performed to mitigate the climate change impacts robustly. The assessment is performed at a 

small urban catchment Lucas Creek catchment and the climate change data of seven GCMs are 

used. PCSWMM is used to deploy WSD devices by maintaining the FDCs of future climate 

change scenarios at the baseline. Conclusions can be summarised as follows: 

• PCSWMM performed quite well during the calibration and validation periods. The NS 

and R2 values were 0.76 and 0.80 during calibration (2007-2013), and 0.72 and 0.79 

during validation (2014-2016). RMSE values were 3.11 during calibration and 1.74 

during validation. Additionally, PBIAS of Q10 and Q90 also indicated that the model is 

very well-calibrated. Following this, the model was run for the baseline period (1985-

2005).  

• Climate change impacts on the flood frequencies of selected nine return periods (1, 2, 3, 

5, 10, 20, 30, 50 and 100 years) in the 2090s are compared to the baseline. Under RCP 

4.5, a wide range of increase in the magnitudes of events is observed and most of the 

GCMs have projected a slight increase in the intensity of 1-year return period flood. The 

only GCM7 has shown a decreasing trend for 2-, 3- and 5-year return periods. The 

predictions of all the GCMs have shown variation with the increase in their return 

periods. However, five of the seven GCMs (GCM1, GCM2, GCM4, GCM6 and GCM7) 

have shown that the magnitude of a 100-year event would be increased from 4.95 m3/s 

to a maximum value of 8.2 m3/s. On the other hand, GCM3 and GCM5 have predicted 

that the same 100-year flood would have 12 m3/s and 15.3 m3/s, respectively in the 

2090s. Nevertheless, none of the GCMs has shown a decrease in the magnitude under 

RCP 8.5. For 100-year return period event, the maximum magnitude is projected by 

GCM5 which is twice to the baseline. 

• The effectiveness of two WSD devices is assessed to mitigate the increments in the 

magnitudes of all the selected nine return periods through three setups utilizing WSD1, 
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WSD2 and WSD12. For WSD1, the predictions of most of the GCMs are reduced to the 

baseline under RCP 4.5 however, no comparable results are found under RCP 8.5. 

Similarly, the performance of WSD2 is noted to be poorer compared to WSD1 under 

both the climate change scenarios. WSD2 has well mitigated all the events until 10-year 

return periods. However, the magnitudes of all the big-events from 20-year return period 

to 100-year return period are not relieved. On the other hand, setup III involving WSD12, 

have offset the predictions of most of the GCMs under RCP 4.5 and RCP 8.5 and the 

magnitudes of big events are brought back to the baseline.  

• Substantial increments in the magnitudes of big flood events because of climate change 

can be mitigated using WSD devices. However, the performance of WSD devices varies 

among different GCMs as well as the application strategy of WSD devices. The WSD 

devices deployed in the train can perform much better compared to their individual 

application within sub-catchments. Therefore, the adaptation process can be used to 

enhance the capabilities of WSD devices to offset the climate change impacts.  

The results show the capabilities of WSD devices to mitigate the climate change impacts 

however, significant variations in the future projections exist across various GCMs. Therefore, 

analysis of uncertainties among GCMs would provide better insight into the effectiveness of 

WSD devices in the unknown future. Subsequently, various adaptation strategies can be used to 

offset climate change impacts and minimize related uncertainties. The availability of climatic 

data at higher temporal and spatial scale would be better and future studies involving pollution 

treatment performance of WSD devices can increase their reliability under the uncertain future. 

The results are useful for managers and planners dealing with the Lucas Creek catchment and 

can also be applied to the catchments with similar climatological environments anywhere in the 

world. 
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Chapter 6 Conclusions and recommendations 
 

6.1. Conclusions 

The present study highlighted the significance of downscaling the climate change data at the 

urban catchment scale and subsequently proposed the methods to investigate the climate change 

impacts at the urban catchment hydrology and WSD devices. Both downscaling methods; 

dynamical and statistical were used in the present study to obtain the climatic data at the 

catchment scale from an ensemble of 12 GCMs from the CMIP5 of IPCC’s AR5 under three 

RCPs; RCP2.6, RCP 4.5 and RCP 8.5. Dynamically downscaled rainfall data were obtained 

from the NIWA downscaled information using the RCM.  However, the availability of observed 

rainfall data at the Lucas Creek catchment and the access to large scale predictors of selected 

GCMs enabled this study to use SDSM to obtain the rainfall data at the station level in the 

catchment. The large-scale datasets helped the study to compare the capabilities of both 

downscaling methods at the urban catchment scale in terms of mean, variance and monthly 

skewness. It also enabled the present study to evaluate the difference in the present and future 

rainfall predictions between the two downscaling methods. Additionally, the abilities of the 

downscaling methods were also assessed in terms of rainfall frequency analysis for different 

low to high return periods. This comprehensive comparison and analysis enabled the selection 

of seven GCMs out of 12 to be used for the further of the climate change impacts on the urban 

catchment hydrology and the adaptations of WSD devices to alleviate the climate change 

impacts. 

The present study showed how the climatic data could be used in conjunction with rainfall-

runoff models such as PCSWMM/SWMM to fully understand the behaviour of urban waterways 

in the uncertain future using continuous modelling. The application of such models is becoming 

more plausible to understand the urban hydrology using multiple climate change scenarios to 

minimise the uncertainties existed among the GCMs and downscaling methods. Additionally, 

this study used a full range of FDCs and IHA parameters to understand better the urban 

hydrology and hence adaptation strategies of WSD devices were proposed to mitigate the 

climate change impacts and keep the flow regime at the baseline. The integration of rainfall data 

under various climate change scenarios, indicators of flow regime variations and subsequently, 

the application of WSD devices provide a visualisation of climate change risks and solutions. It 

also shows the possibilities for urban catchment planners, managers and engineers to utilise 
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WSD devices in a way to obtain multiple benefits flood mitigation, water quality improvement, 

improved ecological life and hence healthier wellbeing of people living in the urban 

environments.  

 The following sections summarise the major outcomes of the study:  

6.1.1. Downscaling of climatic data at an urban catchment scale 

This study showed the rainfall downscaling, an important climatic parameter, and the abilities 

of the downscaling methods were assessed to capture the rainfall characterises in the uncertain 

future. This study showed that the application of an RCM to obtain the rainfall data over a grid 

and the most commonly used model SDSM was used to obtain the data at the station level. 

SDSM was satisfactorily calibrated and validated however, the model showed that calibration 

and validation vary with the number of large-scale predictors from each GCMs. The higher 

number of large-scale predictors could mainly result in more chances to provide a better 

correlation and hence a strong statistical relationship between predictand and predictors.  

However, in terms of comparison of downscaled rainfall data at the baseline period, the study 

revealed that most of the dynamically downscaled data was very well correlated with the annual 

cycle with the observed rainfall. The statistically downscaled data showed that the major 

variations in the middle of the annual period and only one GCM (GCM7) showed the best match 

between the graphs. Monthly mean daily rainfall and correlation coefficients were very well 

simulated by the downscaling methods for the current climate change. On the other hand, future 

projections analysed under RCP 2.6, RCP 4.5 and RCP 8.5 presented a notable variation among 

all the dynamically downscaled GCMs. The statistically downscaled GCMs showed 

underestimation of rainfall at the start of the annual cycle and overestimation at the middle of 

the year for all the GCMs. Intercomaprison of both the methods revealed significant variations 

in the rainfall projection in January and September under all the three RCPs. 

The abilities of both the downscaling methods were also assessed to capture the extreme rainfalls 

using AM series in the present study. The Gumbel estimates of the AM rainfall amounts for nine 

return periods such as 1, 2, 3, 4, 5, 10, 20, 30, 50 and 100 years and their corresponding 95% 

CL were obtained. The values of only one of the dynamical GCMs were with 95% CL while 

two of the statistical GCMs were within the 95% CL for the current climate. Overall, a 

significant increase in the magnitudes of the selected return periods was noticed however, 

dynamical projections were found to be lower than the statistical ones under all the emission 
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scenarios. Most of the GCMs forecasted an increase in the mean rainfall and hence more 

pressure of flooding in the urban environments. 

6.1.2. The effects of climate change on urban catchment hydrology 

Using the time series of the downscaled climatic data, a continuous modelling approach was 

used in this study to examine the effects of climate change on the hydrology of the Lucas Creek 

catchment in the Auckland region. All the selected six dynamical GCMs and only one of the 

statistical GCMs was chosen for this assessment because of the major variations observed in the 

rainfall data for a smaller number of large-scale predictors. Calibrated and validated PCSWMM 

was used to generate flow time series. Flow duration curves and indicators of hydrological 

alteration were used to examine the variations in the streamflow.  

Results indicate a rise in peak flow compared to the baseline based on the FDCs. The Q.001 was 

predicted by RCP 8.5 to become threefold to the baseline in the 2050s and similarly almost more 

than three times in the 2090s under RCP 4.5. The low flow Q90 was also projected to be increased 

under all the three scenarios in the 2050s however, a small decrease is noticed in the 2090s. On 

the other hand, the IHA parameters also showed a significant variations under climate change. 

Monthly streamflow increases except in October and December. Magnitude and duration of 

extreme annual conditions rise in the first six months and fall in the next six months apart from 

RCP 8.5. The timing of the annual extremes, high pulse duration, number of low pulse count 

and rise rate show a decreasing trend in the 2050s and 2090s. While low pulse duration, fall rate, 

number of high pulse count and number of reversals indicate an increasing behavior. Overall, 

substantial variations in the hydrological parameters are related to the increase in the rainfall as 

a result of higher temperatures. Climate change is projected to increase the global and local 

temperatures and urban catchments such as the Lucas Creek catchment would experience 

elevated UHIs. The warm environments hold more moisture that causes into the rainfall 

therefore, most of the hydrological parameters have shown an increase in the values. The 

alterations in the flow regime might have some benefits however, the aquatic ecosystem would 

observe severe detrimental effects in the long run. 

6.1.3. Climate change and WSD devices 

Following the adverse impacts of climate change on the urban catchment hydrology, the present 

has also investigated the performance of WSD devices to mitigate the climate change impacts 

and maintain the flood frequencies at the baseline. Consequently, adaption strategies are 



 

147 
 

proposed. Firstly, the response curves are generated by allocating the maximum catchment area 

to the WSD devices to maintain the peak flow at the baseline. Secondly, the design parameters 

of the two commonly used WSD devices such as bioretention system and permeable pavement 

are varied to generate response curves to accommodate the different level of peak flow under 

climate change. Lastly, the schematics of the deployment of the WSD devices as an individual 

and as a train are assessed to mitigate the climate change impacts at the source.    

The results show a significant increase in the flow and the current design standards of WSD 

devices would not mitigate climate change impacts. Response curves indicate that a substantial 

increase in the peak flow predicted by most of the GCMs used in the study would be mitigated 

by allocating 30% of the catchment area to WSD devices under all the scenarios. A substantial 

percentage of the catchment area would be required for mitigation once the increase in peak 

flow reaches above 100%. On the other hand, 56% and 24% increments in the dimensions of 

berm height and soil thickness of bioretention system can alleviate a 180% increase in the flow 

in the 2050s under RCP 2.6. Similarly, for permeable pavement, soil thickness and storage 

length would require an increase of 100% each, to mitigate a 78% increase in the peak flow in 

the 2050s. Higher increments in the dimensions of design parameters are forecasted in the 2090s 

and under higher scenarios.  

Moreover, the application of bioretention system and permeable pavement, as an individual 

device, did not show promising results to mitigate the adverse effects of climate change. For 

bioretention system, the predictions of most of the GCMs are reduced to the baseline under RCP 

4.5 however, no comparable results are found under RCP 8.5. Similarly, the permeable 

pavement has well mitigated all the floods up to the 10-year return periods. However, the 

magnitudes of all the events from 20- to 100-year return periods are not relieved. On the other 

hand, the application of both the WSD devices as a train has offset the predictions of most of 

the GCMs and the magnitudes of mega-floods are brought back to the baseline in the 2090s. 

From these results, it can be concluded that a well-planned and schematic deployment of WSD 

devices can help to mitigate the climate change impacts at the source. Under the uncertain future, 

the WSD devices can play an important part to keep the peak flow at the baseline and eradicate 

the looming challenges of disturbed urban catchment hydrology by frequent and extreme floods 

due to climate change. The finding can help urban planners and policymakers to more reliably 

plan future cities using WSD devices and assess the effects of climate change on urban planning 

and waterways. 
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6.2. Limitations 

The study downscaled the climatic data using dynamical and statistical downscaling techniques 

and managed to use the time series of rainfall and evapotranspiration to assess the climate 

change impacts on the urban hydrology and WSD devices. Initially, 12 GCMs were selected for 

the investigation however, in the absence of sufficient large-scale predictors, five of the GCMs 

used for statistical downscaling were eliminated for application in the PCSWMM due to their 

unusual rainfall predictions. The availability of more large-scale predictors for these GCMs 

would have enhanced the quality projections. Additionally, the present study downscaled the 

climate change data using a single grid of the RCM and a single station with the long enough 

observed data for SDSM as the domain.  

6.3. Recommendations for future research 

By the application of GCM ensembles under multiple climate change scenarios, this study 

assessed the abilities of the downscaling methods at an urban catchment and quantified the 

climate change impacts at the urban hydrology and WSD devices.  However, there are some 

domains which can be further analysed to enhance the knowledge in the field of climate change 

impacts at the urban catchment scale using the present study. 

Following are a few of the recommendations for future research; 

•  Detailed uncertainty analysis of the downscaled data can be performed among all the 

GCMs by using various advanced statistical tools to see the variation and 

interdependence of all the GCMs. Additionally, the study can be expanded to multiple 

grids for RCM domain and multiple meteorological stations for SDSM for dynamical 

and statistical downscaling, respectively for further investigation as the climate change 

is a complex phenomenon.  

• The study can be enriched by a more detailed inspection of climate change impacts at 

the urban catchment scale by disaggregating the daily data time series into a sub-daily 

or hourly time series to better capture the rainfall patterns and flow variations in the 

urban waterways. The variations in the flow regimes can be connected to the ecological 

life and people health in urban environments. 

• Since WSD devices are quite essential to maintain the flow regimes at the baseline or 

pre-development stages, their performance can be further evaluated under varied rainfall 

patterns in the laboratories and fields as a result of climate change. Moreover, various 

other combinations of WSD devices can be applied to alleviate the climate change 
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impacts with minimum adjustments to the design parameters. The proposed changes in 

the design parameters of WSD devices by response curves under climate change can be 

analysed for cost-benefit analysis in the uncertain future. 

References 

AC (2003) TP10 Design guideline manual stormwater treatment devices. Auckland Council, 
Auckland, New Zealand 

AC (2013) Auckland Unitary Plan stormwater management provisions: Technical basis of 
contaminant and volume management requirements. Auckland Council, Auckland, New 
Zealand 

AC (2015) Stormwater. In: Council A (ed) Code of Practice for Land Development and 
Subdivision, vol 2.0. Auckland Council, Auckland, New Zealand,  

AC (2017) The Unitary Auckland Plan. Auckland Council, Auckland, New Zealand 
Agyei FO, Mahmood K, Haque M (1981) Urban catchment models—Brief Examination, DC 

Water Resources Research Centre Report No.28. University of the District of Columbia,, 
Washington, D.C. 

Ahiablame L, Shakya R (2016) Modeling flood reduction effects of low impact development at 
a watershed scale Journal of Environmental Management 171:81-91 
doi:https://doi.org/10.1016/j.jenvman.2016.01.036 

Ahiablame LM, Engel BA, Chaubey I (2012) Effectiveness of Low Impact Development 
Practices: Literature Review and Suggestions for Future Research Water, Air, & Soil 
Pollution 223:4253-4273 doi:10.1007/s11270-012-1189-2 

Ahiablame LM, Engel BA, Chaubey I (2013) Effectiveness of low impact development 
practices in two urbanized watersheds: Retrofitting with rain barrel/cistern and porous 
pavement Journal of Environmental Management 119:151-161 
doi:https://doi.org/10.1016/j.jenvman.2013.01.019 

Ahmed Shourav MS, Mohsenipour M, Alamgir M, Hadi Pour S, Ismail T (2016) Historical 
trends and future projection of climate at Dhaka city of Bangladesh Jurnal Teknologi 
78:69-75 doi:10.11113/jt.v78.9234 

Akhter MS, Hewa GA (2016) The use of PCSWMM for assessing the impacts of land use 
changes on hydrological responses and performance of WSUD in managing the impacts 
at myponga catchment, South Australia Water (Switzerland) 8 doi:10.3390/w8110511 

Akhter MS, Shamseldin AY, Melville BW (2017) Statistical rainfall downscaling of a CMIP5 
ensemble in urban catchments: An Auckland area case study. Paper presented at the 1st 
International Conference on Water and Environmental Engineering,, Sydney, Australia, 
20-22 Nov 2017 

Akhter MS, Shamseldin AY, Melville BW (2019a) Comparison of dynamical and statistical 
rainfall downscaling of CMIP5 ensembles at a small urban catchment scale Stochastic 
Environmental Research and Risk Assessment doi:10.1007/s00477-019-01678-y 

Akhter MS, Shamseldin AY, Melville BW (2019b) Comparison of dynamical and statistical 
rainfall downscaling of CMIP5 ensembles at a small urban catchment scale Stochastic 

https://doi.org/10.1016/j.jenvman.2016.01.036
https://doi.org/10.1016/j.jenvman.2013.01.019


 

150 
 

Environmental Research and Risk Assessment 33:989-1012 doi:10.1007/s00477-019-
01678-y 

Argue JR (2013) Water Sensitive Urban Design WSUD: Basic Procedures for "Source Control" 
of Stormwater vol 7. Australian Water Association, Adelaide, Australia 

Arnaud P, Bouvier C, Cisneros L, Dominguez R (2002) Influence of rainfall spatial variability 
on flood prediction Journal of Hydrology 260:216-230 
doi:https://doi.org/10.1016/S0022-1694(01)00611-4 

Ashley RM, Balmforth DJ, Saul AJ, Blanskby JD (2005) Flooding in the future – predicting 
climate change, risks and responses in urban areas Water Science and Technology 
52:265-273 doi:10.2166/wst.2005.0142 

Azmat M, Qamar MU, Ahmed S, Shahid MA, Hussain E, Ahmad S, Khushnood RA (2018) 
Ensembling Downscaling Techniques and Multiple GCMs to Improve Climate Change 
Predictions in Cryosphere Scarcely-Gauged Catchment Water Resources Management 
32:3155-3174 doi:10.1007/s11269-018-1982-9 

Baguis P, Roulin E, Willems P, Ntegeka V (2010) Climate change scenarios for precipitation 
and potential evapotranspiration over central Belgium Theoretical and Applied 
Climatology 99:273 

Bedan ES, Clausen JC (2009) Stormwater Runoff Quality and Quantity From Traditional and 
Low Impact Development Watersheds1 JAWRA Journal of the American Water 
Resources Association 45:998-1008 doi:10.1111/j.1752-1688.2009.00342.x 

Boé J, Terray L, Habets F, Martin E (2007) Statistical and dynamical downscaling of the Seine 
basin climate for hydro‐meteorological studies International Journal of Climatology 
27:1643-1655 

Borah DK, Weist JH Watershed models for stormwater management: A review for better 
selection and application. In: World Environmental and Water Resources Congress 
2008: Ahupua'A, 2008. pp 1-10 

Borges PDA, Barfus K, Weiss H, Bernhofer C (2017) Extended predictor screening, application 
and added value of statistical downscaling of a CMIP5 ensemble for single-site 
projections in Distrito Federal, Brazil International Journal of Climatology 37:46-65 
doi:10.1002/joc.4686 

Brown RR, Keath N, Wong THF (2009) Urban water management in cities: historical, current 
and future regimes Water Science and Technology 59:847-855 
doi:10.2166/wst.2009.029 

Burge K, Browne D, Breen P, Wingad J Water Sensitive Urban Design in a changing climate: 
estimating the performance of WSUD treatment measures under various climate change 
scenarios. In: WSUD 2012: Water sensitive urban design; Building the water sensiitve 
community; 7th international conference on water sensitive urban design, 2012. 
Engineers Australia, p 119 

Burns MJ, Fletcher TD, Walsh CJ, Ladson AR, Hatt BE (2012) Hydrologic shortcomings of 
conventional urban stormwater management and opportunities for reform Landscape 
and Urban Planning 105:230-240 doi:https://doi.org/10.1016/j.landurbplan.2011.12.012 

Carter JG, Cavan G, Connelly A, Guy S, Handley J, Kazmierczak A (2015) Climate change and 
the city: Building capacity for urban adaptation Progress in Planning 95:1-66 
doi:https://doi.org/10.1016/j.progress.2013.08.001 

https://doi.org/10.1016/S0022-1694(01)00611-4
https://doi.org/10.1016/j.landurbplan.2011.12.012
https://doi.org/10.1016/j.progress.2013.08.001


 

151 
 

Chen H, Xu C-Y, Guo S (2012) Comparison and evaluation of multiple GCMs, statistical 
downscaling and hydrological models in the study of climate change impacts on runoff 
Journal of Hydrology 434:36-45 doi:http://dx.doi.org/10.1016/j.jhydrol.2012.02.040 

Chen J, Brissette FP, Leconte R (2011) Uncertainty of downscaling method in quantifying the 
impact of climate change on hydrology Journal of Hydrology 401:190-202 
doi:http://dx.doi.org/10.1016/j.jhydrol.2011.02.020 

CHI (2018) Calibrating a SWMM5 model using the SRTC tool. Computational Hydraulics 
International (CHI). https://support.chiwater.com/78011/calibrating-a-swmm5-model-
using-the-srtc-tool. Accessed 15/07 2018 

CHI (2019) PCSWMM. Computational Hydraulics International (CHI). 
https://www.pcswmm.com/. Accessed 15/07 2019 

Chui TFM, Liu X, Zhan W (2016) Assessing cost-effectiveness of specific LID practice designs 
in response to large storm events Journal of Hydrology 533:353-364 
doi:https://doi.org/10.1016/j.jhydrol.2015.12.011 

Chylek P, Li J, Dubey M, Wang M, Lesins G (2011) Observed and model simulated 20th century 
Arctic temperature variability: Canadian earth system model CanESM2 Atmospheric 
Chemistry and Physics Discussions 11:22893-22907 

Cui T, Yang T, Xu C-Y, Shao Q, Wang X, Li Z (2018) Assessment of the impact of climate 
change on flow regime at multiple temporal scales and potential ecological implications 
in an alpine river Stochastic Environmental Research and Risk Assessment 32:1849-
1866 doi:10.1007/s00477-017-1475-z 

Cunderlik J (2003) Hydrologic model selection for the CFCAS project: assessment of water 
resources risk and vulnerability to changing climatic conditions. Department of Civil 
and Environmental Engineering, The University of Western Ontario,  

Cunningham A, Colibaba A, Hellberg B, Silyn Roberts G, Symcock R, Vigar N, Woortman W 
(2017) Stormwater Management Devices in the Auckland Region. Auckland Council 
Guideline Document GD2017/001. Auckland Council, Auckland 

Da silva C, Schardong A, Garcia J, Oliveira C (2018) Climate Change Impacts and Flood 
Control Measures for Highly Developed Urban Watersheds Water 10:829 

Davis AP, Hunt WF, Traver RG, Clar M (2009) Bioretention technology: Overview of current 
practice and future needs Journal of Environmental Engineering 135:109-117 

DKRZ (2018) WDC Climate. German Climate Computing Center. https://cera-
www.dkrz.de/WDCC/ui/cerasearch/. Accessed 10/01 2019 

Do Lago CAF, De MacEdo MB, Mendiondo EM, Giacomoni MH The Effects of Climate 
Change on Low Impact Development (LID) Performance - A Case of Study in Sao 
Carlos, Brazil. In: International Low Impact Development Conference 2018: Getting in 
Tune with Green Infrastructure - Proceedings of the International Low Impact 
Development Conference 2018, 2018. pp 40-45. doi:10.1061/9780784481783.005 

Eckart K, McPhee Z, Bolisetti T (2017) Performance and implementation of low impact 
development – A review Science of The Total Environment 607-608:413-432 
doi:https://doi.org/10.1016/j.scitotenv.2017.06.254 

Egderly J, Roesner L, Rohrer C, Gironás J Quantifying urban-induced flow regime alteration 
and evaluating mitigation alternatives using mathematical models and hydrologic 
metrics. In: World Environmental and Water Resource Congress 2006: Examining the 
Confluence of Environmental and Water Concerns, 2006. pp 1-10 

http://dx.doi.org/10.1016/j.jhydrol.2012.02.040
http://dx.doi.org/10.1016/j.jhydrol.2011.02.020
https://support.chiwater.com/78011/calibrating-a-swmm5-model-using-the-srtc-tool
https://support.chiwater.com/78011/calibrating-a-swmm5-model-using-the-srtc-tool
https://www.pcswmm.com/
https://doi.org/10.1016/j.jhydrol.2015.12.011
https://cera-www.dkrz.de/WDCC/ui/cerasearch/
https://cera-www.dkrz.de/WDCC/ui/cerasearch/
https://doi.org/10.1016/j.scitotenv.2017.06.254


 

152 
 

El Adlouni S, Bobée B (2015) Hydrological Frequency Analysis Using HYFRAN-PLUS 
Software.  

Elliott AH, Trowsdale SA (2007) A review of models for low impact urban stormwater drainage 
Environmental Modelling & Software 22:394-405 
doi:http://dx.doi.org/10.1016/j.envsoft.2005.12.005 

Emmanuel I, Andrieu H, Leblois E, Flahaut B (2012) Temporal and spatial variability of rainfall 
at the urban hydrological scale Journal of Hydrology 430-431:162-172 
doi:https://doi.org/10.1016/j.jhydrol.2012.02.013 

Espeland EK, Kettenring KM (2018) Strategic plant choices can alleviate climate change 
impacts: A review Journal of Environmental Management 222:316-324 
doi:https://doi.org/10.1016/j.jenvman.2018.05.042 

Fassman-Beck EA, Voyde EA, Liao M (2013) Defining Hydrologic Mitigation Targets for 
Stormwater Design in Auckland. Auckland UniServices, Auckland, New Zealand 

Faurès J-M, Goodrich DC, Woolhiser DA, Sorooshian S (1995) Impact of small-scale spatial 
rainfall variability on runoff modeling Journal of Hydrology 173:309-326 
doi:https://doi.org/10.1016/0022-1694(95)02704-S 

Finney K, Gharabaghi B (2011) Using the PCSWMM 2010 SRTC Tool to Design a Compost 
Biofilter for Highway Stormwater Runoff Treatment. doi:10.14796/JWMM.R241-09 

FISRWG (1998) Stream corridor restoration: principles, processes, and practices. Federal 
Interagency Stream Resoration Working Group: United States Department of 
Agriculture, United States (US) 

Fletcher TD et al. (2015) SUDS, LID, BMPs, WSUD and more – The evolution and application 
of terminology surrounding urban drainage Urban Water Journal 12:525-542 
doi:10.1080/1573062X.2014.916314 

Fowler HJ, Blenkinsop S, Tebaldi C (2007) Linking climate change modelling to impacts 
studies: Recent advances in downscaling techniques for hydrological modelling 
International Journal of Climatology 27:1547-1578 doi:10.1002/joc.1556 

Fowler HJ, Kilsby CG (2003) A regional frequency analysis of United Kingdom extreme rainfall 
from 1961 to 2000 International Journal of Climatology 23:1313-1334 
doi:10.1002/joc.943 

Furcolo P, Villani P, Rossi F Statistical analysis of the spatial variability of very extreme rainfall 
in the Mediterranean area. In: Proceedings of the US-Italy Research Workshop on the 
Hydrometeorology, Impacts and Management of extreme floods, 1995.  

Giorgi F et al. (2001) Regional climate information—evaluation and projections  
GoCa (2017) CanESM2 predictors: CMIP5 experiments. Government of Canada. 

http://www.cccsn.ec.gc.ca/?page=pred-canesm2. Accessed 25/03 2017 
GoCb (2018) Note on predictors (large scale atmospheric variables). Government of Canada. 

http://climate-scenarios.canada.ca/?page=pred-help. Accessed 14/04 2019 
Gooré Bi E, Gachon P, Vrac M, Monette F (2017) Which downscaled rainfall data for climate 

change impact studies in urban areas? Review of current approaches and trends 
Theoretical and Applied Climatology 127:685-699 doi:10.1007/s00704-015-1656-y 

Green NM, Mayhew I, Okleston G, Davis MD, Heijis J, Feeny V (2012) Development of the 
auckland council stormwater unit implementation plan. Paper presented at the Water 
New Zealand Stormwater Conference 2012, Wellignton,  

http://dx.doi.org/10.1016/j.envsoft.2005.12.005
https://doi.org/10.1016/j.jhydrol.2012.02.013
https://doi.org/10.1016/j.jenvman.2018.05.042
https://doi.org/10.1016/0022-1694(95)02704-S
http://www.cccsn.ec.gc.ca/?page=pred-canesm2
http://climate-scenarios.canada.ca/?page=pred-help


 

153 
 

Gutmann ED et al. (2012) A comparison of statistical and dynamical downscaling of winter 
precipitation over complex terrain Journal of Climate 25:262-281 

Hamel P, Daly E, Fletcher TD (2013) Source-control stormwater management for mitigating 
the impacts of urbanisation on baseflow: A review Journal of Hydrology 485:201-211 

Hamel P, Fletcher TD (2014) The impact of stormwater source-control strategies on the (low) 
flow regime of urban catchments Water Science and Technology 69:739-745 
doi:10.2166/wst.2013.772 

Haris H, Chow MF, Usman F, Sidek LM, Roseli ZA, Norlida MD (2016) Urban Stormwater 
Management Model and Tools for Designing Stormwater Management of Green 
Infrastructure Practices IOP Conference Series: Earth and Environmental Science 
32:012022 

Hasan DSNAbPA, Ratnayake U, Shams S, Nayan ZBH, Rahman EKA (2018) Prediction of 
climate change in Brunei Darussalam using statistical downscaling model Theoretical 
and Applied Climatology 133:343-360 doi:10.1007/s00704-017-2172-z 

Hashmi M, Shamseldin A, Melville B (2009) Statistical downscaling of precipitation: state-of-
the-art and application of bayesian multi-model approach for uncertainty assessment 
Hydrology and Earth System Sciences Discussions 6:6535-6579 

Hashmi M, Shamseldin AY, Melville BW (2011) Comparison of SDSM and LARS-WG for 
simulation and downscaling of extreme precipitation events in a watershed Stochastic 
Environmental Research & Risk Assessment 25:475-484 doi:10.1007/s00477-010-
0416-x 

Hassan Z, Shamsudin S, Harun S (2014) Application of SDSM and LARS-WG for simulating 
and downscaling of rainfall and temperature Theoretical and applied climatology 
116:243-257 

Hatt BE, Fletcher TD, Deletic A (2009) Hydrologic and pollutant removal performance of 
stormwater biofiltration systems at the field scale Journal of Hydrology 365:310-321 
doi:http://dx.doi.org/10.1016/j.jhydrol.2008.12.001 

Heavens N, Ward D, Natalie M (2013) Studying and projecting climate change with earth 
system models Nature Education Knowledge 4:4 

Hellström C, Chen D, Achberger C, Räisänen J (2001) Comparison of climate change scenarios 
for Sweden based on statistical and dynamical downscaling of monthly precipitation 
Climate Research 19:45-55 

Huang J, Zhang J, Zhang Z, Xu C, Wang B, Yao J (2011) Estimation of future precipitation 
change in the Yangtze River basin by using statistical downscaling method Stochastic 
Environmental Research and Risk Assessment 25:781-792 

Hunt A, Watkiss P (2011) Climate change impacts and adaptation in cities: a review of the 
literature Climatic Change 104:13-49 

Huntingford C, Jones RG, Prudhomme C, Lamb R, Gash JHC, Jones DA (2003) Regional 
climate-model predictions of extreme rainfall for a changing climate Quarterly Journal 
of the Royal Meteorological Society 129:1607-1621 doi:10.1256/qj.02.97 

Huong HTL, Pathirana A (2013) Urbanization and climate change impacts on future urban 
flooding in Can Tho city, Vietnam Hydrol Earth Syst Sci 17:379-394 doi:10.5194/hess-
17-379-2013 

http://dx.doi.org/10.1016/j.jhydrol.2008.12.001


 

154 
 

IPCC (2007a) Climate change 2007: Synthesis Repor. Contribution of Working Groups I, II and 
III to the Fourth Assess-ment Report of the Intergovernmental Panel on Climate Change. 
Intergovernmental Panel on Climate Change, Geneva, switzerland 

IPCC (2007b) Climate Change 2007: Synthesis Report. IPCC,  
IPCC (2013a) Climate Change 2013: The Physical Science Basis. Contribution of Working 

Group I to the Fifth Assessment Report of the Intergovernmental Panel on Climate 
Change. Intergovernmental Panel on Climate Change, Cambridge, United Kingdom and 
New York, NY, USA 

IPCC (2013b) Climate Change 2013: The Physical Science Basis. Contribution of Working 
Group I to the Fifth Assessment Report of the Intergovernmental Panel on Climate 
Change. Cambridge University Press, Cambridge, United Kingdom and New York, NY, 
USA. doi:10.1017/CBO9781107415324 

IPCC (2014) Climate Change 2014–Impacts, Adaptation and Vulnerability: Regional Aspects. 
Cambridge University Press,  

James W (2005) Rules for Responsible Modeling. 4th edn. Computational Hydraulics 
International (CHI), Guelph, Ontario, Canada 

James W, Rossman LA, James WRC User's guide to SWMM 5:[based on original USEPA 
SWMM documentation]. In, 2010. CHI,  

Jiang Y, Hou L, Shi T, Gui Q (2017) A Review of Urban Planning Research for Climate Change 
Sustainability 9:2224 

Kamali M, Delkash M, Tajrishy M (2017) Evaluation of permeable pavement responses to urban 
surface runoff Journal of Environmental Management 187:43-53 
doi:http://dx.doi.org/10.1016/j.jenvman.2016.11.027 

Kannan S, Ghosh S (2011) Prediction of daily rainfall state in a river basin using statistical 
downscaling from GCM output Stochastic Environmental Research and Risk 
Assessment 25:457-474 doi:10.1007/s00477-010-0415-y 

Karamouz M, Hosseinpour A, Nazif S (2010) Improvement of urban drainage system 
performance under climate change impact: Case study Journal of Hydrologic 
Engineering 16:395-412 

Khan MS, Coulibaly P, Dibike Y (2006) Uncertainty analysis of statistical downscaling methods 
Journal of Hydrology 319:357-382 

Kim H et al. (2015) Assessment of porous pavement effectiveness on runoff reduction under 
climate change scenarios Desalination and Water Treatment 53:3142-3147 
doi:10.1080/19443994.2014.922286 

Kirshen P, Caputo L, Vogel RM, Mathisen P, Rosner A, Renaud T (2015) Adapting Urban 
Infrastructure to Climate Change: A Drainage Case Study Journal of Water Resources 
Planning and Management 141:04014064 doi:doi:10.1061/(ASCE)WR.1943-
5452.0000443 

Lee A, Hewa G, Pezzaniti D, Argue JR (2008) Improving stream low flow regimes in urbanised 
catchments using water sensitive urban design techniques Australian Journal of Water 
Resources 12:121-132 

Lee AR (2009) Methodologies to maintain pre-urbanised low flow characteristics in urbanised 
catchments using water sensitive urban design (WSUD) measures. University of South 
Australia 

http://dx.doi.org/10.1016/j.jenvman.2016.11.027


 

155 
 

Lewis M et al. (2015) Water sensitive design for stormwater. Auckland Council Guideline 
Document GD2015/004. Auckland Council, Auckland 

LLNL (2018) CMIP5 data. Department of Energy, Lawrence Livermore National Laboratory. 
https://esgf-node.llnl.gov/projects/esgf-llnl/. Accessed 06/01 2019 

Locatelli L, Mark O, Mikkelsen PS, Arnbjerg-Nielsen K, Deletic A, Roldin M, Binning PJ 
(2017) Hydrologic impact of urbanization with extensive stormwater infiltration Journal 
of Hydrology 544:524-537 doi:10.1016/j.jhydrol.2016.11.030 

Lorrey AM, Pearce PR, Barkus C, Anderson SJ, Clement-Jones A (2017) Auckland Region 
climate change projections and impacts: summary report. National Institute of Water and 
Atmospheric Research (NIWA) for Auckland Council, Auckland, New Zealand 

Masson V et al. (2014) Adapting cities to climate change: A systemic modelling approach Urban 
Climate 10:407-429 doi:https://doi.org/10.1016/j.uclim.2014.03.004 

McMahon TA, Peel MC, Karoly DJ (2015) Assessment of precipitation and temperature data 
from CMIP3 global climate models for hydrologic simulation Hydrology and Earth 
System Sciences 19:361-377 doi:10.5194/hess-19-361-2015 

MEa (2016) Climate Change Projections for New Zealand: Atmosphere Projections Based on 
Simulations from the IPCC Fifth Assessment. Ministry for the Environment, Wellington, 
New Zealand 

MEb (2018) Climate Change Projections for New Zealand: Atmosphere Projections Based on 
Simulations from the IPCC Fifth Assessment, 2nd edn. Ministry for the Environment, 
Wellington, New Zealand 

Mei C, Liu J, Wang H, Yang Z, Ding X, Shao W (2018) Integrated assessments of green 
infrastructure for flood mitigation to support robust decision-making for sponge city 
construction in an urbanized watershed Science of The Total Environment 639:1394-
1407 doi:https://doi.org/10.1016/j.scitotenv.2018.05.199 

Metcalf, Eddy I, Hassan WH, Nile BK, Al-Masody BA (2017) Climate change effect on storm 
drainage networks by storm water management model Environmental Engineering 
Research 22:393-400 doi:10.4491/eer.2017.036 

Mitchell JF (1989) The “greenhouse” effect and climate change Reviews of Geophysics 27:115-
139 

Molavi S, Muttil N, Tran HD Urban flood modelling and climate change: A Melbourne area 
case study. In: 19th International Congress on Modelling and Simulation-Sustaining Our 
Future: Understanding and Living with Uncertainty (MODSIM2011), 2011. Modelling 
and Simulation Society of Australia and New Zealand Inc.(MSSANZ), pp 3608-3614 

Moores J, Gadd J, Yalden S, Batstone S (2016) Urban Development and the NPS-FM: Lucas 
Creek Catchment Case Study. National Institute of Water & Atmospheric Research 
(NIWA) Ltd, Auckland, New Zealand 

Moradkhani H, Sorooshian S (2008) General Review of Rainfall-Runoff Modeling: Model 
Calibration, Data Assimilation, and Uncertainty Analysis. In: Sorooshian S, Hsu K-L, 
Coppola E, Tomassetti B, Verdecchia M, Visconti G (eds) Hydrological Modelling and 
the Water Cycle: Coupling the Atmospheric and Hydrological Models. Springer Berlin 
Heidelberg, Berlin, Heidelberg, pp 1-24. doi:10.1007/978-3-540-77843-1_1 

Moriasi DN, Arnold JG, Van Liew MW, Bingner RL, Harmel RD, Veith TL (2007) Model 
evaluation guidelines for systematic quantification of accuracy in watershed simulations 
Transactions of the ASABE 50:885-900 

https://esgf-node.llnl.gov/projects/esgf-llnl/
https://doi.org/10.1016/j.uclim.2014.03.004
https://doi.org/10.1016/j.scitotenv.2018.05.199


 

156 
 

Murphy J (1999) An Evaluation of Statistical and Dynamical Techniques for Downscaling Local 
Climate Journal of Climate 12:2256-2284 doi:10.1175/1520-
0442(1999)012<2256:aeosad>2.0.co;2 

Najafi MR, Moradkhani H, Wherry SA (2011) Statistical downscaling of precipitation using 
machine learning with optimal predictor selection Journal of Hydrologic Engineering 
16:650-664 doi:10.1061/(ASCE)HE.1943-5584.0000355 

Newman P (2001) Sustainable urban water systems in rich and poor cities - steps towards a new 
approach Water Science and Technology 43:93-99 

NIWA (2016) Our future climate New Zealand: nationl maps. National Institute of Water and 
Atmospheric Research (NIWA). https://ofcnz.niwa.co.nz/#/nationalMaps. Accessed 
1/04 2017 

NSC (2010) Lucas Creek stormwater management plan. North Shore City Council, Auckland 
Ouyang F, Lü H, Zhu Y, Zhang J, Yu Z, Chen X, Li M (2014) Uncertainty analysis of 

downscaling methods in assessing the influence of climate change on hydrology 
Stochastic Environmental Research and Risk Assessment 28:991-1010 
doi:10.1007/s00477-013-0796-9 

Pahl-Wostl C, Craps M, Dewulf A, Mostert E, Tabara D, Taillieu T (2007) Social learning and 
water resources management Ecology and society 12 

Park J-S, Jung H-S (2002) Modelling Korean extreme rainfall using a Kappa distribution and 
maximum likelihood estimate Theoretical and Applied climatology 72:55-64 

Pham H (2015) Quantification of climate change impacts on catchment water balance. 
ResearchSpace@ Auckland 

Pham HX, Shamseldin AY, Melville BW (2015) Assessment of Climate Change Impact on 
Water Balance of Forested and Farmed Catchments Journal of Hydrologic Engineering 
20 doi:doi:10.1061/(ASCE)HE.1943-5584.0001169 

Qin H-p, Li Z-x, Fu G (2013) The effects of low impact development on urban flooding under 
different rainfall characteristics Journal of Environmental Management 129:577-585 
doi:http://dx.doi.org/10.1016/j.jenvman.2013.08.026 

Raäisaänen J (2007) How reliable are climate models? Tellus A: Dynamic Meteorology and 
Oceanography 59:2-29 doi:10.1111/j.1600-0870.2006.00211.x 

Roldin M, Mark O, Kuczera G, Mikkelsen PS, Binning PJ (2012) Representing soakaways in a 
physically distributed urban drainage model - Upscaling individual allotments to an 
aggregated scale Journal of Hydrology 414-415:530-538 
doi:10.1016/j.jhydrol.2011.11.030 

Rosa DJ, Clausen JC, Dietz ME (2015) Calibration and Verification of SWMM for Low Impact 
Development JAWRA Journal of the American Water Resources Association 51:746-
757 doi:doi:10.1111/jawr.12272 

Rossman LA (2010) Storm water management model user's manual, version 5.0. National Risk 
Management Research Laboratory, Office of Research and Development, US 
Environmental Protection Agency Cincinnati,  

Rummukainen M (1997) Methods for statistical downscaling of GCM simulations SMHI 
Rapporter Meteorologi och Klimatologi (Sweden) no 80 

Rummukainen M (2010) State‐of‐the‐art with Regional Climate Models Wiley Interdisciplinary 
Reviews: Climate Change 1:82-96 

https://ofcnz.niwa.co.nz/#/nationalMaps
http://dx.doi.org/10.1016/j.jenvman.2013.08.026


 

157 
 

Semadeni-Davies A (2012) Implications of climate and urban development on the design of 
sustainable urban drainage systems (SUDS) Journal of Water and Climate Change 
3:239-256 

Semadeni-Davies A, Hernebring C, Svensson G, Gustafsson L-G (2008) The impacts of climate 
change and urbanisation on drainage in Helsingborg, Sweden: Suburban stormwater 
Journal of Hydrology 350:114-125 doi:https://doi.org/10.1016/j.jhydrol.2007.11.006 

Sharma AK, Vezzaro L, Birch H, Arnbjerg-Nielsen K, Mikkelsen PS (2016) Effect of climate 
change on stormwater runoff characteristics and treatment efficiencies of stormwater 
retention ponds: a case study from Denmark using TSS and Cu as indicator pollutants 
SpringerPlus 5:1984 doi:10.1186/s40064-016-3103-7 

Smith I, Chandler E (2010) Refining rainfall projections for the Murray Darling Basin of south-
east Australia-the effect of sampling model results based on performance Climatic 
Change 102:377-393 doi:10.1007/s10584-009-9757-1 

Sohn W, Kim J-H, Li M-H, Brown R (2019a) The influence of climate on the effectiveness of 
low impact development: A systematic review Journal of Environmental Management 
236:365-379 doi:https://doi.org/10.1016/j.jenvman.2018.11.041 

Sohn W, Kim JH, Li MH, Brown R (2019b) The influence of climate on the effectiveness of 
low impact development: A systematic review Journal of Environmental Management 
236:365-379 doi:10.1016/j.jenvman.2018.11.041 

Sood A (2015) Improved Bias Corrected and Downscaled Regional Climate Model Data for 
Climate Impact Studies: Validation and Assessment for New Zealand. National Institute 
of Water and Atmospheric Research (NIWA), Wellington, New Zealand 

Spak S, Holloway T, Lynn B, Goldberg R (2007) A comparison of statistical and dynamical 
downscaling for surface temperature in North America Journal of Geophysical Research: 
Atmospheres 112:n/a-n/a doi:10.1029/2005JD006712 

Su H, Xiong Z, Yan X, Dai X, Wei W (2017) Comparison of monthly rainfall generated from 
dynamical and statistical downscaling methods: a case study of the Heihe River Basin 
in China Theoretical and Applied Climatology 129:437-444 doi:10.1007/s00704-016-
1771-4 

Sun Y-w, Li Q-y, Liu L, Xu C-d, Liu Z-p (2014) Hydrological simulation approaches for BMPs 
and LID practices in highly urbanized area and development of hydrological 
performance indicator system Water Science and Engineering 7:143-154 
doi:http://dx.doi.org/10.3882/j.issn.1674-2370.2014.02.003 

Sunyer MA, Madsen H, Ang PH (2012) A comparison of different regional climate models and 
statistical downscaling methods for extreme rainfall estimation under climate change 
Atmospheric Research 103:119-128 
doi:http://dx.doi.org/10.1016/j.atmosres.2011.06.011 

Tang J, Niu X, Wang S, Gao H, Wang X, Wu J (2016) Statistical downscaling and dynamical 
downscaling of regional climate in China: Present climate evaluations and future climate 
projections Journal of Geophysical Research: Atmospheres 121:2110-2129 
doi:doi:10.1002/2015JD023977 

Tatsumi K, Oizumi T, Yamashiki Y (2014) Assessment of future precipitation indices in the 
Shikoku region using a statistical downscaling model Stochastic Environmental 
Research and Risk Assessment 28:1447-1464 doi:10.1007/s00477-014-0847-x 

https://doi.org/10.1016/j.jhydrol.2007.11.006
https://doi.org/10.1016/j.jenvman.2018.11.041
http://dx.doi.org/10.3882/j.issn.1674-2370.2014.02.003
http://dx.doi.org/10.1016/j.atmosres.2011.06.011


 

158 
 

Trowsdale SA, Simcock R (2011) Urban stormwater treatment using bioretention Journal of 
Hydrology 397:167-174 doi:10.1016/j.jhydrol.2010.11.023 

Van Roon M, van Roon H (2009) Low impact Urban Design and Development: the big picture 
Landcare Research Science Series 

Wang M, Zhang DQ, Su J, Dong JW, Tan SK (2018) Assessing hydrological effects and 
performance of low impact development practices based on future scenarios modeling 
Journal of Cleaner Production 179:12-23 doi:10.1016/j.jclepro.2018.01.096 

Wang X, Yang T, Shao Q, Acharya K, Wang W, Yu Z (2012) Statistical downscaling of 
extremes of precipitation and temperature and construction of their future scenarios in 
an elevated and cold zone Stochastic Environmental Research and Risk Assessment 
26:405-418 doi:10.1007/s00477-011-0535-z 

Whitehead P, Wilby R, Battarbee R, Kernan M, Wade AJ (2009) A review of the potential 
impacts of climate change on surface water quality Hydrological Sciences Journal 
54:101-123 

Wilby R, Charles S, Zorita E, Timbal B, Whetton P, Mearns L (2004) Guidelines for use of 
climate scenarios developed from statistical downscaling methods Supporting material 
of the Intergovernmental Panel on Climate Change, available from the DDC of IPCC 
TGCIA 27 

Wilby R, Dawson C (2007) SDSM 4.2–A decision support tool for the assessment of regional 
climate change impacts, User Manual. Department of Geography, Lancaster University, 
UK. ed,  

Wilby R, Dawson C, Barrow E (2002) SDSM—a decision support tool for the assessment of 
regional climate change impacts Environmental Modelling & Software 17:145-157 

Wilby RL (2007) A review of climate change impacts on the built environment Built 
Environment 33:31-45 

Wilby RL (2015a) SDSM: Data. https://sdsm.org.uk/data.html. Accessed 15/03 2017 
Wilby RL (2015b) Statistical Downscaling Model: software. https://sdsm.org.uk/software.html. 

Accessed 15/03 2017 
Wilby RL et al. (2000) Hydrological responses to dynamically and statistically downscaled 

climate model output Geophysical Research Letters 27:1199-1202 
Wilby RL, Wigley T, Conway D, Jones P, Hewitson B, Main J, Wilks D (1998) Statistical 

downscaling of general circulation model output: a comparison of methods Water 
resources research 34:2995-3008 

Willems P, Arnbjerg-Nielsen K, Olsson J, Nguyen VTV (2012) Climate change impact 
assessment on urban rainfall extremes and urban drainage: Methods and shortcomings 
Atmospheric Research 103:106-118 
doi:http://dx.doi.org/10.1016/j.atmosres.2011.04.003 

WWF (2007) Climate change impacts on APEC countries. World Wildlife Fund, Canon/Bruno, 
Pambour 

Xu C-y (1999a) Climate change and hydrologic models: A review of existing gaps and recent 
research developments Water Resources Management 13:369-382 

Xu C-y (1999b) From GCMs to river flow: a review of downscaling methods and hydrologic 
modelling approaches Progress in physical Geography 23:229-249 

https://sdsm.org.uk/data.html
https://sdsm.org.uk/software.html
http://dx.doi.org/10.1016/j.atmosres.2011.04.003


 

159 
 

Yang T, Shao Q, Hao Z-C, Chen X, Zhang Z, Xu C-Y, Sun L (2010) Regional frequency 
analysis and spatio-temporal pattern characterization of rainfall extremes in the Pearl 
River Basin, China Journal of Hydrology 380:386-405 
doi:https://doi.org/10.1016/j.jhydrol.2009.11.013 

Yang T, Zhang Q, Chen YD, Tao X, Xu C-y, Chen X (2008) A spatial assessment of hydrologic 
alteration caused by dam construction in the middle and lower Yellow River, China 
Hydrological Processes 22:3829-3843 doi:doi:10.1002/hyp.6993 

Yoon JH, Ruby Leung L, Correia J (2012) Comparison of dynamically and statistically 
downscaled seasonal climate forecasts for the cold season over the United States Journal 
of Geophysical Research: Atmospheres 117 

Younos T (2011) Paradigm shift: Holistic approach for water management in urban 
environments Frontiers of Earth Science 5:421-427 doi:10.1007/s11707-011-0209-7 

Zahmatkesh Z, Burian SJ, Karamouz M, Tavakol-Davani H, Goharian E (2015) Low-impact 
development practices to mitigate climate change effects on urban stormwater runoff: 
Case study of New York City Journal of Irrigation and Drainage Engineering 141 
doi:10.1061/(ASCE)IR.1943-4774.0000770 

Zanandrea F, Silveira ALLd (2018) Effects of LID Implementation on Hydrological Processes 
in an Urban Catchment under Consolidation in Brazil Journal of Environmental 
Engineering 144:04018072 doi:doi:10.1061/(ASCE)EE.1943-7870.0001417 

Zhang K, Chui TFM (2018) A comprehensive review of spatial allocation of LID-BMP-GI 
practices: Strategies and optimization tools Science of The Total Environment 621:915-
929 doi:https://doi.org/10.1016/j.scitotenv.2017.11.281 

Zhang K, Manuelpillai D, Raut B, Deletic A, Bach PM (2019) Evaluating the reliability of 
stormwater treatment systems under various future climate conditions Journal of 
Hydrology 568:57-66 doi:https://doi.org/10.1016/j.jhydrol.2018.10.056 

Zhang K, Randelovic A, Page D, McCarthy DT, Deletic A (2014) The validation of stormwater 
biofilters for micropollutant removal using in situ challenge tests Ecological Engineering 
67:1-10 doi:https://doi.org/10.1016/j.ecoleng.2014.03.004 

Zhang X, Wang J, Zwiers FW, Groisman PY (2010) The influence of large-scale climate 
variability on winter maximum daily precipitation over North America Journal of 
Climate 23:2902-2915 

Zhou Q, Leng G, Huang M (2018) Impacts of future climate change on urban flood volumes in 
Hohhot in northern China: benefits of climate change mitigation and adaptations 
Hydrology and Earth System Sciences 22:305-316 doi:10.5194/hess-22-305-2018 

Zoppou C (1999) Review of storm water models. CSIRO, CXanbera ACT, Australia 
 

 

 

 

https://doi.org/10.1016/j.jhydrol.2009.11.013
https://doi.org/10.1016/j.scitotenv.2017.11.281
https://doi.org/10.1016/j.jhydrol.2018.10.056
https://doi.org/10.1016/j.ecoleng.2014.03.004


 

160 
 

Appendices 

Appendix A: Variations of the dynamically downscaled data from the statistically downscaled 

data for the current climate 

Month GCM1 GCM2 GCM3 GCM4 GCM5 GCM6 

January 25 36.58 91.44 51.46 94.87 66.23 

February 23 36.44 58.06 60.04 -31.82 -0.66 

March -3 -15.66 6.68 46.35 -4.2 3.43 

April 3 -33.78 -37.91 -26.78 -14.98 -13.03 

May 12 -1.42 -2.25 -23.08 -1.3 11.28 

June 7 -5.91 -4.1 -27.17 -5.44 -24.41 

July -12 -28.16 -19.62 -24.62 -5.75 -23.75 

August 16 -47.7 -23.79 -43.16 13.11 -2.07 

September 17 -21.66 -25.51 -20.31 -31.59 -32.59 

October 9 -15.8 -14.47 -31.61 -35.47 -22.26 

November 54 -6.78 15.04 1.22 20.85 21.09 

December 5 6.12 39.31 10.67 45.01 27.37 
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Appendix B: Comparison of a) daily mean rainfall b) monthly variance c) monthly skewness in the 2090s 

Appendix B1: under RCP 2.6 

Month GCM1 GCM2 GCM3 GCM4 GCM5 GCM6 GCM7 GCM8 GCM9 GCM10 GCM11 GCM12 
  a) Daily mean 
January 2.99 2.95 2.90 2.86 2.36 3.36 2.97 1.95 1.56 - 1.89 1.93 
February 3.19 2.97 2.68 2.48 2.67 2.80 4.15 2.41 2.54 - 2.35 2.19 
March 3.41 4.00 3.54 3.00 2.28 2.83 3.93 2.43 3.21 - 3.63 2.71 
April 2.39 3.45 3.63 3.62 2.43 3.34 4.99 5.93 4.86 - 4.69 5.36 
May 3.67 3.44 3.04 3.40 3.55 4.08 4.09 4.06 3.45 - 4.18 3.82 
June 4.47 4.57 3.73 5.27 4.62 4.32 3.82 4.12 4.22 - 4.54 4.70 
July 4.38 4.66 4.71 4.35 4.10 4.51 4.09 5.69 6.36 - 4.20 6.35 
August 4.35 4.13 5.37 4.73 4.58 4.78 3.03 8.43 6.75 - 6.03 6.09 
September 3.46 4.08 4.68 5.39 3.76 4.39 2.12 5.02 6.26 - 5.11 5.33 
October 2.88 3.59 3.83 3.32 3.26 3.44 1.74 3.68 3.57 - 3.40 4.07 
November 2.75 2.82 2.43 3.39 3.21 3.10 2.18 2.63 2.53 - 2.54 2.55 
December 2.60 2.25 2.70 2.84 2.33 2.84 3.26 2.76 2.36 - 2.51 2.19 
  b) Monthly variance 
January 84.64 62.51 58.37 65.28 33.37 78.12 31.42 46.69 36.86 - 52.26 49.56 
February 119.91 76.16 71.45 72.83 56.65 59.22 93.13 50.91 68.95 - 46.43 35.15 
March 122.13 119.09 163.12 58.85 43.47 54.27 57.61 86.84 206.34 - 165.94 71.31 
April 39.69 94.75 162.48 135.43 44.60 123.91 97.63 510.99 406.53 - 413.15 381.95 
May 55.41 66.27 53.03 55.03 51.98 112.08 61.41 114.18 106.89 - 91.74 111.65 
June 95.00 65.38 65.52 150.37 110.99 80.45 39.37 62.54 67.18 - 69.26 78.99 
July 96.89 92.16 89.55 76.69 71.60 85.05 40.75 187.59 217.43 - 147.93 201.08 
August 78.51 59.36 105.37 74.96 73.54 89.81 24.33 237.35 249.97 - 141.81 235.22 
September 47.50 57.58 101.58 163.64 84.01 84.26 28.19 86.08 124.09 - 454.82 100.53 
October 44.24 63.96 82.69 67.69 57.63 55.42 7.03 96.05 93.74 - 127.71 227.55 
November 41.87 52.53 29.88 60.15 63.43 58.36 17.79 48.28 47.19 - 48.37 45.61 
December 38.81 40.84 57.73 78.18 43.12 69.32 59.89 61.19 49.48 - 63.01 40.75 
  c) Monthly skewness 
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January 6.97 5.90 6.82 6.11 4.19 4.69 8.76 6.21 6.50 - 6.66 6.42 
February 8.48 6.18 8.25 8.84 5.92 7.32 9.71 6.33 8.22 - 5.57 4.74 
March 8.55 6.14 7.97 4.95 6.65 5.63 6.10 7.50 10.77 - 10.62 5.76 
April 7.94 6.57 7.32 7.03 5.67 7.44 6.37 9.12 10.95 - 8.48 12.17 
May 3.32 5.29 4.26 4.14 3.40 5.78 4.51 5.18 6.55 - 3.95 5.70 
June 5.90 3.67 4.19 4.99 5.64 3.89 3.74 3.11 3.28 - 3.06 3.21 
July 5.33 4.56 4.15 5.14 4.80 4.62 4.60 5.14 5.91 - 6.16 4.60 
August 4.84 3.58 6.02 4.10 3.72 4.01 4.32 2.97 2.94 - 3.36 3.15 
September 3.80 3.26 5.36 6.28 6.14 4.21 10.86 2.96 3.23 - 5.84 3.37 
October 4.87 3.97 5.03 7.25 4.63 3.85 4.53 5.36 5.12 - 7.59 9.58 
November 4.93 5.26 3.38 5.01 5.64 6.07 6.63 4.53 4.60 - 4.65 4.24 
December 4.47 5.41 7.89 12.07 6.54 7.70 11.05 5.21 5.40 - 6.53 4.81 
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Appendix B2: under RCP 4.5 

Month GCM1 GCM2 GCM3 GCM4 GCM5 GCM6 GCM7 GCM8 GCM9 GCM10 GCM11 GCM12 
  a) Daily mean 
January 2.45 2.81 2.95 3.14 2.68 2.23 3.11 2.09 1.66 1.361378 1.85 1.74 
February 3.24 2.82 2.76 2.94 3.29 3.06 5.59 2.31 2.04 2.526029 2.33 2.87 
March 2.73 2.69 4.09 2.66 2.90 3.72 5.44 2.87 3.41 2.649295 3.06 3.09 
April 3.31 2.95 3.11 2.73 2.84 3.41 5.34 5.41 4.46 5.07533 4.39 5.25 
May 3.30 3.75 3.67 3.59 3.06 3.62 4.20 3.77 3.45 5.171598 4.55 4.11 
June 3.82 4.11 4.47 4.37 3.74 3.84 3.90 4.24 4.60 5.503521 4.04 4.61 
July 4.18 4.80 4.38 4.52 4.22 4.08 4.00 5.15 5.99 6.158589 3.16 5.42 
August 4.16 4.86 3.93 4.85 4.25 4.58 3.02 7.59 5.02 7.095434 6.08 4.69 
September 3.75 4.08 3.53 4.17 3.76 3.44 1.82 5.03 5.96 4.945705 4.40 5.58 
October 2.78 3.00 2.87 3.28 2.93 3.58 1.60 4.02 4.37 4.051533 2.60 3.97 
November 2.91 3.00 2.14 2.96 2.32 2.69 2.10 2.82 2.84 2.494941 2.89 2.33 
December 3.10 2.34 2.30 3.11 2.66 2.97 3.02 3.03 2.50 2.218992 3.11 2.76 
  b) Monthly variance 
January 43.14 56.57 104.56 67.19 64.02 58.56 17.70 51.88 39.84 33.19 46.91 41.73 
February 130.38 75.38 78.39 56.78 248.75 83.56 92.48 34.40 32.27 43.88 38.32 80.20 
March 65.83 62.13 238.30 56.94 83.00 120.14 120.88 143.32 331.79 78.49 107.81 90.71 
April 81.99 87.54 97.57 59.97 83.73 83.67 129.43 491.86 223.06 206.46 464.19 283.05 
May 83.12 95.79 100.75 67.77 54.07 77.43 146.29 166.70 103.34 161.90 109.71 115.32 
June 65.26 111.72 131.65 105.63 70.15 74.95 42.50 65.21 77.98 93.27 57.59 80.41 
July 82.66 105.90 91.94 79.57 63.63 58.11 38.65 158.66 222.93 211.55 78.79 180.76 
August 75.86 90.93 67.09 90.97 51.72 92.41 25.83 214.34 226.55 197.68 143.12 224.48 
September 65.29 103.72 46.91 86.78 50.01 43.15 10.04 95.37 114.28 92.05 71.92 111.95 
October 38.21 45.54 50.54 62.20 51.23 74.68 6.17 124.31 165.83 219.65 370.42 211.35 
November 68.04 46.14 35.37 55.12 31.36 36.16 16.27 50.67 54.80 44.98 54.85 41.38 
December 79.51 32.45 58.29 81.73 46.40 72.34 26.73 70.30 55.93 44.34 88.26 57.53 
  c) Monthly skewness 
January 5.39 4.15 8.74 5.76 6.79 13.45 5.28 6.02 6.34 6.92 6.13 6.24 
February 9.22 6.08 7.23 4.97 20.04 7.36 6.39 4.30 5.17 4.64 4.54 9.06 
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March 7.02 7.22 9.78 5.68 8.14 7.26 6.49 9.23 13.21 6.24 7.38 6.04 
April 6.10 6.57 6.55 5.76 6.51 4.93 6.23 11.79 9.89 6.49 9.86 7.78 
May 6.44 5.82 6.35 4.34 4.47 4.42 12.24 9.39 6.01 5.10 4.26 5.22 
June 6.04 5.85 5.50 5.91 4.58 5.04 4.60 3.20 3.31 3.03 3.14 3.55 
July 5.34 4.69 5.19 3.70 4.64 3.75 5.00 4.87 7.48 5.07 6.77 5.31 
August 5.25 4.86 4.34 3.42 3.14 5.09 4.67 3.18 3.15 3.22 3.12 3.33 
September 5.44 6.29 3.23 5.41 3.42 3.73 5.36 3.40 3.12 3.29 3.55 3.44 
October 4.72 4.07 5.50 5.25 4.62 5.36 4.10 7.20 6.28 9.43 13.93 8.90 
November 6.89 3.50 4.98 6.26 4.05 3.47 7.44 4.05 4.46 4.46 4.24 4.53 
December 8.85 4.50 8.90 7.50 6.12 5.77 5.79 4.90 5.79 5.17 6.07 4.83 
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Appendix B3: under RCP 8.5 

Month GCM1 GCM2 GCM3 GCM4 GCM5 GCM6 GCM7 GCM8 GCM9 GCM10 GCM11 GCM12 
  a) Daily mean 
January 2.39 4.28 3.37 2.53 2.78 2.93 5.40 1.79 2.74 1.590411 2.74 2.41 
February 2.57 3.52 4.13 3.25 3.51 3.30 5.62 2.26 2.40 2.190711 2.07 2.69 
March 3.54 3.46 2.95 3.24 2.81 3.45 5.05 2.63 2.96 2.425877 2.66 3.84 
April 2.81 3.36 3.10 2.69 2.77 4.23 5.42 6.28 6.09 6.748544 5.61 6.44 
May 2.99 3.43 3.35 3.97 2.94 3.94 4.33 3.57 3.25 5.136157 3.54 4.45 
June 3.62 4.78 3.55 4.32 3.59 4.61 3.42 4.28 4.26 4.868744 4.20 3.86 
July 4.19 4.82 4.07 4.35 3.80 4.78 3.88 5.00 6.08 6.112468 3.31 4.73 
August 4.36 4.24 3.96 4.94 4.45 4.83 2.69 7.79 5.26 8.238884 6.17 5.07 
September 2.87 4.22 3.57 4.47 3.81 3.73 1.89 4.95 5.43 4.893696 4.42 4.67 
October 2.98 3.41 3.02 3.18 2.51 3.36 1.76 4.29 4.05 3.523035 3.58 3.29 
November 2.72 2.43 2.18 2.46 1.91 2.70 2.00 2.96 2.45 2.415509 2.98 2.25 
December 1.92 2.34 3.22 2.72 2.31 2.92 3.23 3.10 2.24 2.414128 2.74 2.72 
  b) Monthly variance 
January 55.53 201.76 103.39 44.74 82.04 81.60 90.36 40.70 39.74 38.45 36.19 57.38 
February 115.44 101.37 248.58 106.76 143.31 97.10 161.60 37.94 33.79 35.79 30.61 40.43 
March 148.64 98.11 84.52 97.89 81.48 90.44 64.63 89.52 124.75 67.17 91.98 115.69 
April 77.67 97.10 102.30 48.29 156.20 129.58 128.90 813.79 397.91 377.85 418.42 415.60 
May 71.35 87.87 109.63 104.57 61.92 104.04 73.67 96.65 88.81 161.67 70.62 154.92 
June 79.72 115.70 77.90 82.01 76.72 88.32 40.43 63.19 68.11 79.67 69.64 59.82 
July 69.57 122.74 76.74 64.06 63.84 127.88 27.67 155.81 183.89 197.76 72.51 173.18 
August 91.35 77.71 60.40 82.71 68.43 93.13 18.84 224.83 254.01 236.65 145.46 200.61 
September 38.40 66.83 85.04 77.08 67.34 65.90 11.98 88.70 108.10 99.45 67.74 82.17 
October 46.39 72.76 68.76 46.21 37.45 75.02 9.97 157.03 159.44 207.66 166.30 104.75 
November 56.12 38.53 35.07 41.48 24.58 43.99 12.97 55.64 47.35 44.11 55.67 38.37 
December 23.36 49.32 110.28 42.23 81.85 90.41 18.49 78.82 49.03 47.47 61.91 58.90 
  c) Monthly skewness 
January 6.38 8.68 6.24 5.24 8.96 6.34 8.33 5.96 6.09 6.60 5.43 5.75 
February 12.08 6.04 9.29 8.97 8.29 6.33 11.88 4.90 4.08 4.69 4.68 3.99 
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March 10.57 5.77 6.65 7.02 7.89 6.62 4.37 6.79 9.31 6.15 8.02 5.27 
April 6.47 6.27 7.11 7.39 17.54 5.91 7.22 12.21 10.17 6.71 11.78 7.02 
May 6.10 5.17 6.29 5.76 5.55 5.17 5.47 5.51 6.36 5.13 4.26 5.97 
June 6.12 5.67 5.24 4.89 4.75 3.59 6.60 3.16 3.34 3.08 3.56 3.49 
July 4.01 6.34 4.12 3.27 5.47 5.25 3.27 5.61 4.54 4.54 6.09 7.29 
August 5.62 4.46 3.61 3.60 3.66 4.02 4.14 3.18 3.41 3.00 3.29 3.25 
September 3.78 3.68 7.05 4.48 4.53 4.34 6.13 3.45 3.40 3.60 3.29 3.53 
October 3.80 5.67 6.07 3.46 5.51 6.70 7.11 6.34 6.48 11.42 14.60 6.70 
November 6.51 3.81 5.95 4.98 4.41 4.29 8.93 4.02 4.71 4.37 4.33 4.35 
December 4.45 5.63 8.96 3.97 12.57 8.59 3.18 5.68 5.96 5.02 5.22 4.83 
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Appendix C: Variations of the dynamically downscaled data from the statistically downscaled 

data in the 2090s under RCP 2.6, RCP 4.5 and RCP 8.5 

Month GCM1 GCM2 GCM3 GCM4 GCM5 GCM6 
RCP 2.6 

January 0.61 50.94 85.63 - 24.81 73.45 
February -22.94 23.52 5.42 - 13.5 27.45 
March -13.16 64.33 10.13 - -37.09 4.46 
April -52.06 -41.78 -25.28 - -48.06 -37.6 
May -10.12 -15.24 -11.88 - -15.02 6.9 
June 17.02 10.78 -11.62 - 1.83 -8.16 
July 7.25 -18.03 -25.9 - -2.36 -28.98 
August 43.78 -51.08 -20.42 - -24.05 -21.52 
September 63.04 -18.77 -25.26 - -26.31 -17.65 
October 65.55 -2.55 7.35 - -4.03 -15.34 
November 26.43 7.19 -4.14 - 26.64 21.61 
December -20.13 -18.26 14.41 - -7.28 30.02 

RCP 4.5 
January -21.28 34.93 77.72 130.63 44.59 28.21 
February -42.13 22.32 35.31 16.37 40.86 6.73 
March -49.83 -6.03 19.88 0.42 -5.2 20.55 
April -38.04 -45.51 -30.34 -46.25 -35.16 -35.03 
May -21.33 -0.44 6.58 -30.58 -32.76 -11.98 
June -2.05 -2.91 -2.78 -20.58 -7.46 -16.67 
July 4.51 -6.73 -26.83 -26.67 33.5 -24.78 
August 37.81 -35.99 -21.87 -31.6 -30.16 -2.46 
September 105.79 -18.82 -40.85 -15.78 -14.44 -38.4 
October 73.04 -25.49 -34.37 -18.93 12.92 -9.91 
November 38.48 6.2 -24.58 18.79 -19.83 15.56 
December 2.71 -22.64 -7.96 40.25 -14.57 7.57 

RCP 8.5 
January -55.77 138.77 22.83 58.96 1.51 21.77 
February -54.2 55.86 72.22 48.32 69.85 22.6 
March -29.88 31.63 -0.51 33.76 5.88 -10.17 
April -48.16 -46.4 -49.05 -60.09 -50.68 -34.33 
May -30.85 -3.97 3.04 -22.72 -16.93 -11.38 
June 5.9 11.75 -16.81 -11.22 -14.55 19.19 
July 8 -3.66 -33.06 -28.82 14.94 1.22 
August 62.29 -45.55 -24.81 -40.03 -27.9 -4.72 
September 51.81 -14.83 -34.29 -8.72 -13.82 -20.12 
October 69.51 -20.64 -25.46 -9.84 -29.96 1.99 
November 36.01 -17.83 -10.99 1.94 -36.08 19.99 
December -40.65 -24.67 43.6 12.52 -15.63 7.48 
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Appendix D: Parameters for calibration and their allocated uncertainties 

Parameter 
notation Name Assigned uncertainty 

value (%) 

Imperv. % Impervious percentage 60 

Width Sub-catchment width 100 

N Perv and Imperv  Manning’s roughness for pervious and 
impervious area 50 

Dstore Perv and 
Imperv 

Depression storage for pervious and 
impervious area 80 

Max. and Min. 
Infl. Rate Maximum and minimum infiltration rate 100 

Decay constant Decay constant 100 

Dry time Dry time 100 

Geom. Geometry and maximum depth of conduits 50 

A1, A2 and B1, 
B2 Ground water flow coefficients and exponents 100 

Roughness Manning’s roughness of conduits 50 
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Appendix E: Calibrated parameter values of PCSWMM of the Lucas Creek catchment 

Parameter notation Name Calibrated value 

N Perv Manning’s roughness for pervious area 0.5 

N Imperv Manning’s roughness for impervious area 0.005 

Dstore Perv Depression storage for pervious area 0.5 

Dstore Imperv Depression storage for impervious area 0.1 

Max. Infl. rate Maximum infiltration rate 18 

Min. Infl. rate Minimum infiltration rate 0.5 

Decay constant Decay constant 1 

Dry time Dry time 1.4 

Roughness Manning’s roughness of conduits 0.01 

A1 Ground water flow coefficient 0.018 

A2 Ground water flow coefficient 0.00001 

B1 Ground water flow exponents 0.4 

B2 Ground water flow exponent 0.587 

UEF Upper evaporation fraction  0.2 

LGLR Lower groundwater loss rate 0.0001 

UZM Upper zone moisture 0.45 

TS Tension slope 1 

C Conductivity 0.25 

CS Conductivity slope 10 
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Appendix F: Parameter values used to represent the WSD devices in PCSWMM and their 

schematic sketches 

Appendix F1:  Parameter values of bioretention system 

Parameter (units) Value Source 

Surface 
  

Berm height (mm) 300 Lewis et al. (2015) and 
Cunningham et al. (2017) 

Vegetative Volume (fraction) 0.1 James et al. (2010) 
Surface Roughness (Manning’s n) 0.1 James et al. (2010) 
Surface Slope (percent) 1 James et al. (2010) 

Soil 
  

Thickness (mm) 800 Lewis et al. (2015) and 
Cunningham et al. (2017) 

Porosity (volume fraction) 0.5 Rossman (2015) 

Field Capacity (volume fraction) 0.23 James et al. (2010) 

Wilting Point (volume fraction) 0.12 James et al. (2010) 
Conductivity (mm/hr) 3.3 James et al. (2010) 
Conductivity Slope 10 Rossman (2015) 
Suction Head (mm) 88.9 James et al. (2010) 
Storage 

  

Height (mm) 800 Lewis et al. (2015) and 
Cunningham et al. (2017) 

Void Ratio (voids/solids) 0.75 Rossman (2015) 
Conductivity (mm/hr) 5 Lewis et al. (2015) and 

Cunningham et al. (2017) 
Clogging Factor 0 Assumed no clogging 
Underdrain 

  

Drain Coefficient 38 CHI (2019) 
Drain Exponent 0.5 Rossman (2015) 
Drain Offset Height 450 Lewis et al. (2015) and 

Cunningham et al. (2017) 
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Appendix F2:  Schematic layout of bioretention system: a) AC proposed (Cunningham et al. 2017) and b) used in PCSWMM for this study (modified from 

Rossman 2015)
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Appendix F3: Parameter values of permeable pavements 

Parameter (units) Value Source 

Surface 
  

Storage Depth (mm) 30 Assumption 
Vegetation volume (fraction) - -  
Surface Roughness (Manning’s n) 0.2 James et al. (2010) 
Surface Slope (%) 1 Lewis et al. (2015) and Cunningham et 

al. (2017) 
Pavement 

  

Thickness (mm) 150 James et al. (2010) 
Void Ratio (voids/solids) 0.21 James et al. (2010) 
Impervious Surface Fraction 
(fraction) 

0 Assumed continuous porous pavement 
system 

Permeability (mm/hr) 2000 James et al. (2010) 
Clogging Factor 0 Assumed no clogging 
Soil 

  

Thickness (mm) 300 Lewis et al. (2015) and Cunningham et 
al. (2017) 

Porosity (volume fraction) 0.5 Rossman (2015) 
Field capacity (volume fraction) 0.2 James et al. (2010) 
Wilting point (volume fraction) 0.1 James et al. (2010) 
Conductivity (mm/hr) 10 James et al. (2010) 
Conductivity slope 10 Rossman (2015) 
Suction head (mm) 88.9 James et al. (2010) 
Storage 

  

Height (mm) 300 Rossman (2015) 
Void Ratio (fraction) 0.75 Rossman (2015) 
Seepage Rate (mm/hr) 240 Lewis et al. (2015) and Cunningham et 

al. (2017) 
Clogging Factor 0 Assumed no clogging 
Underdrain 

  

Drain Coefficient (mm/hr) 0.1 CHI (2019) 
Drain Exponent 0.5 James et al. (2010) 
Drain Offset Height (mm) 200 Lewis et al. (2015) and Cunningham et 

al. (2017) 
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Appendix F4:  Schematic layout of permeable pavement: a) AC proposed (Cunningham et al. 2017) and b) used in PCSWMM for this study (modified from 

Rossman 2015) 

 



 

174 
 

**References cited 

CHI (2019) Estimating the LID drain coefficient. 

https://support.chiwater.com/83629/estimating-the-lid-drain-coefficient. Accessed 26/03 2019 

Cunningham A, Colibaba A, Hellberg B, Silyn Roberts G, Symcock R, Vigar N, Woortman W 

(2017) Stormwater Management Devices in the Auckland Region. Auckland Council Guideline 

Document GD2017/001. Auckland Council, Auckland 

James W, Rossman LA, James WRC (2010) User's guide to SWMM 5: [based on original 

USEPA SWMM documentation]. 13th edn. CHI, Canada 

Lewis M et al. (2015) Water sensitive design for stormwater. Auckland Council Guideline 

Document GD2015/004. Auckland Council, Auckland 

Rossman LA (2015) Storm Water Management Model User’s Manual Version 5.1. U.S. 

Environmental Protection Agency, USA 

https://support.chiwater.com/83629/estimating-the-lid-drain-coefficient.%20Accessed%2026/03%202019

	Abstract
	Dedication
	Acknowledgements
	Table of Contents
	List of Abbreviations
	List of Figures
	List of Tables
	Authorship Forms
	Chapter 1 Introduction
	1.1. Background
	1.2. Research contribution
	1.3. Research objectives
	1.4. Climate change
	1.5. Climate change impacts and urban catchments
	1.6. Rainfall-runoff model
	1.7. Thesis outline
	1.8. Publications

	Chapter 2 Comparison of dynamical and statistical rainfall downscaling of CMIP5 ensembles at a small urban catchment scale
	Abstract
	2.1. Introduction
	2.2. Study catchment and data
	2.3. Methodology
	2.3.1. Step I: Dynamical downscaling
	2.3.2. Step II: Statistical downscaling
	2.3.3. Step III: Projected time series analysis

	2.4. Results
	2.4.1. Baseline scenario comparison
	2.4.2. Projected scenario comparison
	2.4.3. Frequency analysis

	2.5. Discussion
	2.6. Conclusions and recommendations

	Chapter 3 Investigation of climate change impacts on flow regime in the Lucas Creek catchment using multiple CMIP5 ensembles
	Abstract
	3.1. Introduction
	3.2. Methodology
	3.2.1. Study area and data
	3.2.2. Model conceptualization, calibration, and validation
	3.2.3. Flow regime variations under climate change

	3.3. Results
	3.3.1. PCSWMM performance during calibration and validation
	3.3.2. Climate change impacts based on FDC
	3.3.3. Climate change impacts based on the IHA method
	3.3.3.1. Alterations in monthly streamflow magnitudes
	3.3.3.2. Changes in the magnitude of annual extreme conditions over different durations
	3.3.3.3. Changes in timing, rate, and frequency of annual extremes


	3.4. Discussion
	3.5. Conclusions and recommendations

	Chapter 4 Climate change and water sensitive design devices: adaptation strategies to mitigate climate change impacts at source
	Abstract
	4.1. Introduction
	4.2. Methodology
	4.2.1. Study area and data
	4.2.2. Model description, conceptualization, calibration, and validation
	4.2.3. Climate change impacts and adaptation scenarios of WSD devices

	4.3. Results and discussions
	4.3.1. PCSWMM performance during calibration and validation
	4.3.2. Climate change impacts assessment
	4.3.3. Effectiveness of WSD devices
	4.3.4. Adaptation of WSD devices under climate change
	4.3.4.1. Adaptation scenario I
	4.3.4.2. Adaptation scenario II


	4.4. Discussion
	4.5. Conclusions and recommendations

	Chapter 5 An investigation and adaptation of water sensitive design devices to mitigate climate change effects on flood frequencies using multiple CMIP5 ensembles
	Abstract
	5.1. Introduction
	5.2. Methodology
	5.2.1. Study area and data
	5.2.2. Model description, conceptualization, calibration, and validation
	5.2.3. Climate change and WSD devices

	5.3. Results and discussions
	5.3.1. PCSWMM performance during calibration and validation
	5.3.2. Climate change effects
	5.3.3. Effectiveness of WSD devices
	5.3.3.1. Setup I
	5.3.3.2. Setup II
	5.3.3.3. Setup III


	5.4. Discussion
	5.5. Conclusions and recommendations

	Chapter 6 Conclusions and recommendations
	6.1. Conclusions
	6.1.1. Downscaling of climatic data at an urban catchment scale
	6.1.2. The effects of climate change on urban catchment hydrology
	6.1.3. Climate change and WSD devices

	6.2. Limitations
	6.3. Recommendations for future research

	References
	Appendices



