

  Uncertainty Analysis in the Evaluation of Extreme Rainfall Trends and Its Implications on Urban Drainage System Design




Uncertainty Analysis in the Evaluation of Extreme Rainfall Trends and Its Implications on Urban Drainage System Design







Water 2015, 7(12), 6931-6945; doi:10.3390/w7126667




Article



Uncertainty Analysis in the Evaluation of Extreme Rainfall Trends and Its Implications on Urban Drainage System Design



Vincenza Notaro 1,*, Lorena Liuzzo 2,†, Gabriele Freni 2,† and Goffredo La Loggia 1,†





1



Dipartimento di Ingegneria Civile Ambientale Aerospaziale e dei Materiali, Università degli Studi di Palermo, 90128 Palermo, Italy






2



Facoltà di Ingegneria ed Architettura, Università degli Studi di Enna Kore, 94100 Enna, Italy









*



Correspondence: Tel.: +39-091-2389-6574






†



These authors contributed equally to this work.







Academic Editors: Paolo Reggiani and Ezio Todini



Received: 5 October 2015 / Accepted: 1 December 2015 / Published: 5 December 2015



Abstract:

 Future projections provided by climate models suggest that the occurrence of extreme rainfall events will increase and this is evidence that the climate is changing. Because the design of urban drainage systems is based on the statistical analysis of past events, variations in the intensity and frequency of extreme rainfall represent a critical issue for the estimation of rainfall. For this reason, the design criteria of drainage systems should take into account the trends in the past and the future climate changes projections. To this end, a Bayesian procedure was proposed to update the parameters of depth–duration–frequency (DDF) curves to assess the uncertainty related to the estimation of these values, once the evidence of annual maximum rainfall trends was verified. Namely, in the present study, the historical extreme rainfall series with durations of 1, 3, 6, 12 and 24 h for the period of 1950–2008, recorded by the rain gauges located near the Paceco urban area (southern Italy), were analyzed to detect statistically significant trends using the non-parametric Mann-Kendall test. Based on the rainfall trends, the parameters of the DDF curves for a five-year return period were updated to define some climate scenarios. Finally, the implications of the uncertainty related to the DDF parameters estimation on the design of a real urban drainage system was assessed to provide an evaluation of its performance under the assumption of climate change. Results showed that the future increase of annual maximum precipitation in the area of study would affect the analyzed drainage system, which could face more frequent episodes of surcharge.
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1. Introduction

Changes in the hydrologic cycle due to the increase in atmospheric greenhouse gas concentrations cause variations in intensity, duration, and frequency of precipitation events [1,2]. The potential effects of climate change on rainfall extremes widely affect the design of storm water management structures. This issue is critical because variations in extreme rainfall may be larger than those of average estimates [3]. According to the latest report of the Intergovernmental Panel on Climate Change (IPCC) [4], annual heavy precipitation events have disproportionately increased compared to mean changes between 1951 and 2003 over many mid-latitude regions, even where reductions in annual total precipitation occurred.

In the context of climate change occurring, rainfall intensities could be increased, which would lead to an additional impact on drainage systems, due to the alteration of magnitude and frequency of peak flows over the service life of the infrastructure. Considering the potential effects of climate change on extreme rainfall can improve the results of the several methodologies aimed at evaluating potential flood risk and related damages in urban areas [5,6,7] or at supporting decision making for flood risk management [8].

Several studies have focused on the impact of changes in extreme rainfall intensities on urban drainage systems. Butler et al. [9] evaluated the potential effects of climate change on the design and performance of sewer storage tanks for a case study in London. More recently, Kleidorfer et al. [10] simulated the impact of higher rainfall intensities on combined sewer overflow discharges and flood risk using 250 virtual case studies. Therefore, the design criteria for drainage infrastructure require revision to take into account the expected changes in the intensity and frequency of heavy rainfall events [11,12]. Depth–Duration–Frequency (DDF) and Intensity–Duration–Frequency (IDF) relationships are widely used in the design of urban drainage systems to obtain probability related to extreme rainfall events for a specified return period and duration. Some studies emphasized the importance of improving the methodologies for the evaluation of storm estimations to obtain more reliable predictions [13,14,15,16]. Due to variations of extreme rainfall characteristics, for the design of future urban drainage systems, the current DDF and IDF curves will no longer be valid, requiring an adjustment for climate change [17]. Neglecting the effects of climate change in the hydraulic design of urban infrastructure could lead to underestimation or overestimation of design storms. Therefore, the use of accurate and reliable techniques for projections of IDF and DDF relationships under climate change is necessary to develop urban drainage systems suited to changes in intensity and frequency of extreme rainfall.

The international literature provides some studies in which procedures to integrate climate change effects on DDF and IDF relationships have been developed and applied [18,19]. For Europe, Larsen et al. [20] analyzed the impact of climate change on the IDF curves for extreme precipitation. Although the results are clearly affected by uncertainty, they highlight that the variations of extreme rainfall depend on location, rainfall duration and return period.

The downscaling of results from global circulation models or regional climate models to urban catchment scales is a frequent approach aimed to evaluate rainfall intensities in future climate scenarios [21,22,23]. Recently, Mirhosseini et al. [24] developed IDF curves under the future climate scenarios for Alabama using six dynamically downscaled projections; nevertheless, it is clear that such extrapolation could be highly uncertain due to the spatial variability of precipitation changes and the choice of the model. For this reason, the authors developed an ensemble model, incorporating all six climate models, as a proper solution to reduce this uncertainty.

Another consolidated and frequently used methodology to define climate scenarios is the temporal analogues approach [25,26]. According to this method, future climate projections are based on the linear variation of rainfall over past years, detected by a trend analysis, i.e., assuming that climate scenarios will be characterized by the same variation. Following the above-mentioned approach, Liuzzo and Freni [27] analyzed the annual maxima precipitation series recorded in Sicily (southern Italy) and integrated the results of a trend analysis in the evaluation of the DDF curves under two climate scenarios.

The main purpose of the present study is to provide a methodology to incorporate the effects of extreme rainfall variations on DDF curve evaluation and to assess the uncertainty related to the estimation of these curves. Moreover, the results of the proposed procedure were applied to estimate the effect of climate change on the hydraulic performance of a real drainage system located in the north-western part of Sicily; specifically, the updated DDF curves related to two different climate scenarios were adopted as the input rainfall to simulate the hydraulic behavior of the real urban drainage system of the town of Paceco.

To this end, a trend analysis was previously conducted by the application of the Mann-Kendall test to the historical series recorded in the rain gauges in the study area. Due to the evidence of a rainfall trend, a Bayesian procedure was applied to consider extreme rainfall variations as defined by the DDF curves for future climate scenarios and evaluate the uncertainty related to such projections. The procedure, based on proven and frequently used methodologies, can be easily applied to other case studies to account for variations of extreme rainfall intensity in the design criteria of urban drainage systems.

This paper is organized as follows: in Section 2 the Materials and Methods are presented. In Section 2.1, the proposed methodology is described. In Section 2.2, an illustration of the case study is provided. The results and implications of the trend magnitude on the criteria adopted for the urban drainage system design are presented and discussed in Section 3. In the Conclusion (Section 4), methodologies and results are briefly summarized.



2. Materials and Methods


2.1. The Proposed Methodology

The procedure developed in the present work is illustrated by the flow chart in Figure 1. First, a pre-analysis was conducted to verify the presence of a trend in annual maxima rainfall series over the area of study. The identification of statistically significant trends in the area makes the updating of the DDF curves necessary to obtain more reliable estimates of extreme rainfall for design purposes. On the contrary, in the absence of trends, updating of the DDF curves is not required.

Figure 1. Flow chart of the proposed procedure.
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Several statistical procedures can be used for rainfall trend detection, particularly, parametric and non-parametric tests. A non-parametric technique, such as the Mann-Kendall test, could be used for trend detection [28,29]. This test identifies the presence of a trend without making an assumption about the distribution properties, although there must be no serial correlation for the resulting p-values for the trend to be correct [30]. Moreover, non-parametric methods are less influenced by the presence of outliers. In a trend test, the null hypothesis H0 is that there is no trend in the population from which the data are drawn and hypothesis H1 is that there is a trend in the records (for test description, see [30]).

The magnitude of trends can be evaluated using a non-parametric robust estimate determined by Hirsch et al. [31], as follows:
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(1)




where xl is the l-th observation.
Once the pre-analysis detected a statistically significant rainfall trend in the analyzed area, a Bayesian procedure can be performed to account for the above-mentioned trend in the DDF curve assessment. The DDF curves describe rainfall depth as a function of duration for given return periods and represent an important tool for hydraulic structure design. Their definition requires the univariate statistical analysis of annual maxima rainfall depths for given durations (1, 3, 6, 12 and 24 h). The DDF relationship for the return period T often takes the form of a power law relationship, commonly used in Italy [32,33]:
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(2)




where h(d)T is the rainfall depth at the specified return period T and duration d and where aT and nT are parameters.
The storm rainfall h(d)T is characterized by the property of scale invariance [34]. Denoting a scale factor by λ > 0, the property of scale invariance is valid if the random variable Z(λd) and λn·Z(d) have the same probability distribution for tin ≤ t ≤ tout and tin ≤ λt ≤ tout, where tin and tout represent the physical bounds for which the scale invariance property is valid. This property also implies that the quantiles and raw moments of any order are scale-invariant, i.e.,
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(3)
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(4)




where r denotes the order of the moment.
By adopting the properties of scale invariance, h(d)T can be expressed as
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(5)




where E[[image: there is no content]] is the mean annual maximum depth for the reference duration (1 h) and wT is the Tth quantile of the annual maximum storm depth normalized by its mean for any duration in the range of the existence of a scaling behavior (also referred as the growth factor). The product E[[image: there is no content]]·wT represents parameter aT in Equation (2).
The estimation of h(d)T quantiles can be obtained by means of different probability distribution laws, such as Gumbel, Generalized Extreme Value (GEV), Two Component Extreme Value (TCEV) [35], and others.

Although the above-mentioned procedure for the DDF definition is consolidated and widely applied, the DDF parameter estimation could be affected by a degree of uncertainty related to the dataset length when a rainfall trend has been identified. In fact, datasets that are too large could include non-homogenous data, whereas datasets that are too small could be inadequate to account for the trend effect. Therefore, in the present study, a Bayesian procedure has been proposed to estimate the uncertainty linked to the aT parameter of the DDF curve in the presence of a rainfall trend. To this end, the proposed procedure estimates the aT parameter linked to several continuous sub-datasets with different ending years and lengths. Starting from a minimum of 15 years, the length of each sub-dataset is increased by one, up to a maximum of 35 years. This assumption is supported by the evidence of an intensification of the hydrological cycle in the last 30–35 years, probably due to the upward trend of temperature occurring in Europe [36,37,38]. In Italy, the change point of the annual average temperature has been identified at the beginning of the 1980s [39]. The evidence of a statistically significant increase in mean annual rainfall over the last 30 years in Sicily [40] further supports this assumption. Finally, the purpose of this study is the assessment of implications of climate change on urban drainage system design; thus, referring to long-term trends (more than 35–40 years) seems to be inadequate because the design return periods of drainage systems typically range between 5 and 10 years.

As the output of the Bayesian procedure, several series of the aT parameter are obtained, one for each ending year of the processed sub-datasets. To evaluate the 95th, 50th, and 5th percentiles of each aT series, the likelihood function value Li is assessed for each ith element (ending year of the sub-dataset), according to the following equation:
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(6)




where [image: there is no content] is the variance of the error, [image: there is no content] is the i-th element and [image: there is no content] is the median of the aT series. Then, the 95th, 50th, and 5th percentiles of each aT series are obtained from the cumulative distribution function (CDF) of Li, as shown in Figure 2.


To define a mathematical law of the variability of aT in time, the linear regressions of its percentiles series are performed. These regressions are analyzed considering the last 30 years of the dataset because of the return periods commonly considered in drainage system design (5–10 years); therefore, referring to short-term trends is more appropriate.

The 95th and 5th percentile regression laws represent the upper and lower uncertainty bands linked to the appraisal of the aT parameter in time. Therefore, the width of these bands provides a quantification of the uncertainty inherent to the aT appraisal.

Finally, according to the temporal analogues approach, assuming the hypothesis of a linear trend, different climate scenarios can be generated supposing that the rainfall changes detected by the trend analysis will proceed in the future with the same pattern. Thus, the previously defined regression laws are used to extrapolate the aT parameter values for future projections. This procedure can be used to generate short-term projections that can be helpful in the design of urban drainage networks (up to the next 30–40 years). The availability of uncertainty bands, connected with the trend projection, makes the design process robust giving to the designer a measure of trend estimation reliability. Indeed, long-term projections require the availability of more recent data.



Figure 2. Example of CDF of Li linked to an aT series and of the related 95th, 50th, and 5th percentiles.
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2.2. The Case Study: Dataset

The study area is located in the north-western part of Sicily, an island of approximately 25,700 km2 in Southern Italy, characterized by a Mediterranean climate with mild winters and hot and generally dry summers, mainly influenced by hot winds blowing from the North African coast (Sirocco). Figure 3a shows the rain gauges in the analyzed area together with the Paceco location, a small town with a population of approximately 12,000 inhabitants, for which the urban drainage system has been selected as the case study. The mean annual precipitation over this area ranges between 500 and 600 mm (Figure 3b). Annual maxima rainfall series were not available for this site. Therefore, four rain gauges were selected in the surrounding area to detect statistically significant trends: Lentina (Contrada), S. Andrea Bonagia, Trapani and Birgi Nuovo. For these rain gauges, the available historical annual maxima rainfall series of durations 1, 3, 6, 12 and 24 h for the period from 1950 to 2008 were elaborated and provided by Osservatorio delle Acque-Regione Siciliana (OA-RS).

Figure 3. (a) Location of Paceco and the surrounding rain gauges; (b) mean annual precipitation in north-western Sicily; and (c) orthophotograph of Paceco.
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3. Results and Discussion


3.1. Pre-Analysis Results

For each of the rain gauges located in the analyzed area, a pre-analysis of the related annual maxima rainfall series was conducted using the Mann-Kendall non-parametric test, and the magnitude of significant trends was estimated using Equation (1). Trends have been considered statistically significant for significance level α at least equal to 0.1. The results obtained from the analysis of the extreme rainfall data are summarized in Table 1, where the level of significance of trend α, the magnitudes β (mm/year) and the p-values have been reported for each duration and rain gauge. With regards to a duration d of 1 h, series recorded by the Lentina (Contrada), S. Andrea Bonagia and Trapani rain gauges showed significant positive trends, with magnitudes ranging between 0.153 mm/year and 0.206 mm/year. An increase in the same entity was found at Birgi Nuovo, but its significance level is lower than 0.1. Considering the other durations, the maxima rainfall series of the S. Andrea Bonagia rain gauge showed a significant upward trend in every case. Positive trends were found in Trapani for 3 and 6 h durations.


Table 1. Level of significance, magnitude and p-value of trends for each duration and rain gauge. The symbol “+” indicates a positive trend.



	
Duration

	
Rain Gauge




	
Lentina (Contrada)

	
S. Andrea Bonagia

	
Trapani

	
Birgi Nuovo






	
1 h

	
trend

	
+/α = 0.01

	
+/α = 0.05

	
+/α = 0.01

	
no trend (α < 0.1)




	
β (mm/year)

	
0.153

	
0.206

	
0.198

	
0.160




	
p-value

	
0.002

	
0.010

	
0.00002

	
0.571




	
3 h

	
α

	
no trend (α < 0.1)

	
+/α = 0.05

	
+/α = 0.05

	
no trend (α < 0.1)




	
β (mm/year)

	
−0.030

	
0.117

	
0.140

	
−0.114




	
p-value

	
0.214

	
0.032

	
0.011

	
0.151




	
6 h

	
α

	
no trend

	
+/α = 0.05

	
+/α = 0.05

	
no trend (α < 0.1)




	
β (mm/year)

	
−0.054

	
0.092

	
0.164

	
−0.126




	
p-value

	
0.267

	
0.025

	
0.037

	
0.368




	
12 h

	
α

	
no trend (α < 0.1)

	
+/α = 0.05

	
no trend (α < 0.1)

	
no trend (α < 0.1)




	
β (mm/year)

	
0.064

	
0.183

	
0.165

	
0.006




	
p-value

	
0.155

	
0.019

	
0.166

	
0.690




	
24 h

	
α

	
no trend (α < 0.1)

	
+/α = 0.05

	
no trend (α < 0.1)

	
no trend (α < 0.1)




	
β (mm/year)

	
0.177

	
0.308

	
0.209

	
0.184




	
p-value

	
0.481

	
0.101

	
0.845

	
0.760









Focusing on trend analysis results for d = 1 hour, it can be observed that in the area of study, an increase in the annual maximum rainfall occurred over the 1950–2008 period. Due to the low concentration time of urban watersheds, the design of urban drainage systems typically requires the knowledge of extreme rainfall relative to durations of 1 hour and lower (minutes) for a given return period. These results suggest that the area of study will probably face an increase in the urban drainage surcharge frequency due to the increase in rainfall intensities for the design return period.



3.2. Bayesian Procedure Results

Once the pre-analysis detected a statistically significant trend in the analyzed area, a Bayesian procedure was performed to account for the above-mentioned trend in the rainfall DDF curve assessment. Namely, the procedure was applied to the series recorded at the Trapani rain gauge, which is nearest to the urban watershed of Paceco, chosen as the case study.



For the DDF curve definition, the Generalized Extreme Value (GEV) distribution was adopted to estimate h(d)T (Equation (2)). The GEV is a continuous probability distribution that combines the Gumbel, Frechet, and Weibull distributions. It is based on extreme value theory [41] and is frequently used to model extreme rainfall, providing a good fitting of the measured data in the Sicilian basin [42,43]. In this study, GEV parameters were estimated using the l-moments [44].

According to the proposed procedure, several continuous sub-datasets with different ending years and lengths were sampled, and the aT parameter of the related DDF curve was estimated. Starting from a minimum of 15 years, the length of each sub-dataset was increased by one, up to a maximum of 35 years.

As the output of the Bayesian procedure, several series of the aT parameter were obtained, one for each ending year of the processed sub-datasets (ranging from 1964 to 2008). The aT series showed an increasing length: for the first four series (with an ending year ranging from 1964 to 1967), the aT parameter assumed the same value, due to the low number and the related reduced data variability of the sub-datasets linked to these series (Figure 4).

Figure 4. Bayesian procedure output: aT values for the Trapani rain gauge.
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Then, according to Equation (6), the likelihood function value Li was assessed for each ith element of each aT series, and the related 95th, 50th, and 5th percentiles were obtained from the cumulative distribution function of Li. Three aT values were obtained as the 95th, 50th and 5th percentiles of the aT series for each year, from 1964 to 2008. Figure 5 shows the 95th, 50th and 5th percentiles of the aT parameter and the related linear regressions (obtained considering the last 30 years).

Figure 5. The 95th, 50th and 5th percentiles of the aT parameter and linear regressions (obtained considering the last 30 years).



[image: Water 07 06667 g005 1024]







The linear regression equations (Table 2) provide a mathematical law of the variability of aT in time. The coefficient of determination (R2) and the standard error of regression (SER) values show strong agreement between the regression laws and percentile values. All the percentile series are clearly affected by a positive trend, similar to that observed for the annual maximum rainfall for d = 1 h. In regards to the 50th percentile, the aT value showed a 44.5% increase, increasing from 27.1 mm (1964) to 39.1 mm (2008).

Table 2. Linear regression equations, and coefficient of determination (R2) and standard error of regression (SER) values for the 95th, 50th and 5th of aT percentiles.


	Percentile
	Equation
	R2
	SER





	95th
	aT = 0.441·t − 844.4
	0.92
	0.961



	50th
	aT = 0.402·t − 768.4
	0.95
	0.899



	5th
	aT = 0.393·t − 752.9
	0.93
	1.193





Note: t is the time expressed in years.






It can be observed that the aT value related to 2008 is higher (13.4%) than the corresponding value obtained using the whole historical dataset for the definition of the DDF curve (aT = 34.4 mm). This result highlights the need to verify the hydraulic performance of the urban drainage system under future climate scenarios.

As mentioned above, the 95th and 5th percentiles linear regressions identify the upper and lower limits of the uncertainty band linked to the aT assessment, respectively. The width of the uncertainty bands provides information about the reliability of the future projection. The results show that the 50th and 5th percentile linear regressions tend to get closer in time, whereas the 95th percentile linear regression tends to diverge from that of the 50th percentile, probably due to the presence of some outliers of the annual maximum series in recent years. This result indicates that the width of the upper uncertainty band will increase for future aT projections. However, due to the gradual overlapping of the 50th and 5th lines, the width of the lower uncertainty band will decrease.



3.3. DDF-Curves of Climate Change Scenarios

According to the Bayesian procedure output, the area surrounding Paceco experienced an increase in annual maximum rainfall over the last 30 years of the study period, which resulted in an aT parameter increase of 44.5%. Therefore, the DDF parameters need to be updated for future climate scenarios.

The aT parameters of the DDF curves were estimated for the Trapani rain gauge for two climate change scenarios, 2025 and 2050. Following the temporal analogues approach, climate scenarios were generated by supposing that the changes in precipitation detected by the trend analysis will proceed in the future with the same pattern, assuming a linear trend.

To evaluate the aT parameter values for the 2025 and 2050 projections, the linear regression equations previously described (Table 2) have been used. Table 3 reported the aT values for each scenario. It has to be underlined that this procedure can be used to define short-term projections. Indeed, whenever the percentile linear regressions tend to converge, at a certain time, they will intersect. For this reason, the linear regressions require updating by including the recent data. Using the available dataset, the procedure applied here is able to provide projections up to 2050, but projections more distant in time are less reliable.


Table 3. aT values for 2008 and future climate scenarios obtained by the Bayesian procedure.



	
Percentile

	
aT




	
2008 *

	
Scenario 2025

	
Scenario 2050






	
95th

	
41.54

	
48.60

	
59.62




	
50th

	
39.13

	
45.64

	
55.69




	
5th

	
37.22

	
43.54

	
53.38






Note: * 2008 is the last year of the historical series.






Using the aT values of Table 3 for each scenario (2025 and 2050), three different DDF curves have been defined, one per percentile (95th, 50th and 5th). In every scenario, nT has been set equal to 0.25 (the value obtained from the statistical analysis of the whole historical dataset up to 2008). Figure 6 shows the DDF curve used for the design conditions of the Paceco drainage system, the DDF curve evaluated starting from the series recorded over the 1950–2008 period, and the DDF curves for the 2025 and 2050 scenarios.

Figure 6. DDF curves for the design conditions for the historical series (1950–2008) and for the 2025 and 2050 scenarios.
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It can be observed that the design DDF (green dot line) and the DDF obtained from processing the whole historical dataset (blue solid line) almost coincide, even if the design rainfall depths appear slightly overestimated. This fact is probably due to the length of the historical series used for design, which includes data up to 1991. In regards to the 2025 scenario, the DDF curves (red lines) obtained for the 95th, 50th and 5th percentiles of aT indicate a rainfall depth increase of 41%, 33% and 27%, respectively, if compared with the DDF curve obtained for the 1950–2008 series (blue solid line). In the 2050 scenario, the increases in rainfall depths are 55%, 62% and 73%, respectively, for the curves obtained from the 95th, 50th and 5th percentiles of aT. For both future scenarios, for a given rainfall duration d, the error with respect to the 50th percentile related to the evaluation of h(d)T (ratio of the distance between the 95th and 5th percentiles divided the 50th percentile value) is equal to ~11%.

For the DDF curves of the climate change scenarios, the effect of the nT parameter variations in time was neglected because the analysis was focused on the intensification of rainfall events for d = 1 h, which is usually adopted for the purpose of design and verification of urban drainage systems, due to the low concentration time of urban watersheds. To obtain more reliable predictions for rainfall events of durations greater than 1 h, further developments of this study should involve the evaluation of nT variations due to climate change.



3.4. Analysis of Trend Implications on Urban Drainage System Design

In the last step of the analysis, the implications of the rainfall trend magnitude of the criteria adopted for the urban drainage system design were investigated to provide an evaluation of the drainage system performance under the assumption of climate change. Moreover, the effect of the uncertainty linked to future climate change scenarios were examined. To this aim, the real drainage system of the “City Center” watershed of Paceco was adopted as a case study.

The analyzed watershed is highly urbanized (Figure 3c), with an area equal to 18 ha, consisting of approximately 75% impervious areas (mainly buildings, roads and squares) and a few pervious areas. The entire catchment is drained by a new combined sewer system (designed in 2004), which has a total pipe length of approximately 10 km. The analyzed network also receives storm drainage from upstream watersheds, having a total area equal to approximately 30 ha. The concentration time of the whole urban watershed is less than 1 h. The network is made with Polyethylene high density (PEHD) pipes, with DN (nominal diameter) ranging between 400 and 1500 mm. Figure 7 shows the network pipe volume percentage related to each adopted DN. The network was designed considering a return period equal to five years and a DDF curve with aT = 30.75 mm and nT = 0.28, respectively. Those parameter values were obtained by means of univariate statistical analysis of the annual maxima series recorded at the Trapani rain gauge during 1953–1991. The design maximum capacity for pipes was set equal to 60%.

Figure 7. Network pipe volume percentage related to each adopted DN.
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To simulate the hydraulic behavior of the analyzed system, both for the design and the climate change scenario, the Storm Water Management Model SWMM 5.1 model [45] was used. Figure 8 shows the network schematic employed in the SWMM model to simulate the hydraulic behavior of the drainage system.

Figure 8. Network schematic employed by means of the Storm Water Management Model SWMM 5.1 model.
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Eight simulations were conducted, adopting a Chicago hyetograph with a duration of 120 min as the rainfall input, with a time-to-peak of 50 min. Rainfall values were sampled from different five-year return period DDF curves, which were built with different parameter values (aT and nT):


	aT = 30.75 mm and nT = 0.28 (design conditions);


	aT = 34.40 mm and nT = 0.25 (historical dataset up to 2008);


	95th, 50th and 5th percentiles of aT for 2025 scenario (Table 3) and nT = 0.25; and


	95th, 50th and 5th percentiles of aT for 2050 scenario (Table 3) and nT = 0.25.




The hydraulic performance of the drainage system for the different considered rainfall inputs was compared in terms of the network pipe volume percentage related to several maximum pipe capacity ranges (Table 4).


Table 4. Network pipe volume percentage related to several maximum pipe capacity ranges.



	
Max Pipe Capacity

	
Network Pipe Volume




	
Design Conditions

	
2008 *

	
2025

	
2050




	
5th perc**

	
50th perc

	
95th perc

	
5th perc

	
50th perc

	
95th perc






	
0%–20%

	
25.64%

	
24.55%

	
5.33%

	
5.33%

	
5.25%

	
5.12%

	
5.12%

	
5.05%




	
20%–40%

	
24.87%

	
25.53%

	
27.63%

	
24.21%

	
21.40%

	
6.88%

	
5.50%

	
4.38%




	
40%–60%

	
38.99%

	
38.70%

	
11.28%

	
12.47%

	
10.80%

	
18.11%

	
17.85%

	
16.33%




	
60%–80%

	
10.50%

	
10.15%

	
20.63%

	
17.16%

	
10.62%

	
5.14%

	
4.15%

	
3.66%




	
80%–100%

	
0.00%

	
1.06%

	
35.13%

	
40.82%

	
51.93%

	
64.76%

	
67.38%

	
70.58%






Note: * 2008 is the last year of the historical series; ** perc is the abbreviation of percentile.






As shown in Table 4, for the design conditions, the maximum pipe capacity reached 89% of the network pipe volume, which is lower than the design threshold (60%). Only 10.50% of the network pipe volume shows a maximum pipe capacity higher than 60%, but no pipes are surcharged. Approximately 25% of the network pipe volume is overdesigned, reaching a maximum capacity lower than 20%.

Simulation results related to the DDF curve obtained by the historical dataset up to 2008 are comparable to those of the design conditions, except for a 1.06% change in the network pipe volume, which is surcharged. Those results are justified by the slightly overestimation of h(d)T obtained by adopting the DDF curve related to the whole historical dataset instead of the design DDF curve (in Figure 6, the blue solid line and green dot line, respectively).

With regard to the 50th percentile of the 2025 scenario, it can be observed that the potential future increase of rainfall produces a hydraulic surcharge of 40.82% of the network pipe volume. The system performance worsens when the 2050 scenario is simulated (the surcharged network pipe volume is equal to 67.38% for the 50th percentile). This behavior is illustrated in Figure 9, where a comparison in terms of the network volume percentage related to maximum pipe capacity ranges are shown for all the simulated conditions.

Figure 9. Scenario comparison in terms of network volume percentage related to maximum pipe capacity ranges.
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In the simulated future scenarios (2025 and 2050), the higher runoff volumes drained by the system due to the increased rainfall results in a reduction of the percentage of oversized pipes. In fact, the network pipe volume percentage with maximum capacity ranging from 0 to 20% is approximately 5%.



Finally, Figure 10 shows the comparison of the results from the simulations performed for the 95th, 50th and 5th percentiles of aT for the 2025 and 2050 scenarios, providing information about the effect of the uncertainty linked to the evaluation of the aT on the system hydraulic performance. In regards to the 2025 scenario, the effect of uncertainty in the estimation of the aT parameter is moderate: for the 5th percentiles, results of the simulations (Figure 10a) show that 35.13% of the network pipe volume is surcharged (Table 4), and this percentage increases for simulations conducted for the 50th and 95th percentile conditions (40.82% and 51.93%, respectively). For the 2050 scenario (Figure 10b), the network volume percentage for the different maximum pipe capacity ranges are quite similar for all simulated conditions: most of the pipes are already surcharged (64.76% - 70.58% for the simulation performed using the 5th and 95th percentiles of aT, respectively. Therefore for the 2050 scenario, the uncertainty related to the aT evaluation does not transfer to the hydraulic behavior of the system.

Figure 10. Network volume percentage related to the maximum pipe capacity ranges: (a) 2025 climate scenario and (b) 2050 climate scenario.
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4. Conclusions

The effects of variations in extreme rainfall characteristics due to climate change are expected to alter the magnitude and frequency of peak flows over the service life of urban drainage systems. Some Water Authorities in the world have proposed operative statements to consider climate change in the design and maintenance of drainage systems [46]. In this context, the methodologies typically used in the design of drainage infrastructures require revision and updating.

This study provides a procedure to estimate the aT parameter of the DDF curves of future climate scenarios and the uncertainty related to its estimation. The proposed procedure was applied to estimate the DDF curves for a case study in the northwestern part of Sicily, in the town of Paceco. First, a preliminary trend analysis performed to determine whether the study area was affected by an increase or decrease in annual maxima rainfall. This analysis highlighted the presence of a statistically significant trend in extreme rainfall with a duration of one hour. Subsequently, a Bayesian procedure was performed to account for the above-mentioned trend of the DDF curve assessment in future climate scenarios. These curves were used as input to investigate the implications of climate change on the hydraulic behavior of the Paceco drainage system.

According to the proposed procedure, the area surrounding Paceco experienced an increase in annual maximum rainfall over the last 30 years of the 1950–2008 period, which produced an aT parameter increase of 44.5%. Due to this variation, the DDF parameters have been updated to define climate scenarios at 2025 and 2050. In the 2025 scenario, the DDF curves obtained for the 95th, 50th and 5th percentiles of aT indicate a rainfall depth increase of 41%, 33% and 27%, respectively, if compared with the DDF curve obtained for the historical series (1950–2008). In the 2050 scenario, these increases are 55%, 62% and 73%, The implications of these trends on the performance of the drainage system of Paceco (recently designed and built) have been investigated, comparing the network pipe volume percentage related to several maximum pipe capacity ranges in each scenario. With regard to the 50th percentile of the 2025 scenario, the potential future increase of rainfall would produce a hydraulic surcharge of 40.82% of the network pipe volume. This percentage is equal to 67.38% in the 2050 scenario. In summary, for future projections at 2025 and 2050, the analyzed drainage system will likely face an increased frequency of drainage system surcharge episodes, due to the positive trend of extreme rainfall intensities in the study area.

The comparison of the performance of the analyzed network under the design conditions and future climate scenarios highlighted that the effects of climate change on rainfall variability cannot be neglected in the design procedures based on extreme rainfall estimation. Specifically, for the tested network, the surcharge probability is expected to increase in the future due to the climate change; consequently, current design standards should be increased in order to allow the network to maintain the surcharge return period target till the end of its expected life. The presented considerations should take the increase of funds allocation for the design and construction of the drainage network in the analyzed case study because generally climate change will require bigger pipes in this area in the near future. Opposite considerations may be drawn in areas where a negative trend was obtained and larger efforts should be concentrated on monitoring in areas where a clear trend cannot be detected.
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