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Abstract: Design rainfall is an essential input to a hydrologic model, which is used to estimate design discharge that is needed in the planning
and design of many engineering infrastructure projects. Design rainfall estimation is made using recorded rainfall data over many stations in a
given region. Uncertainties in design rainfall estimates arise from various sources such as data error, sampling error, regionalization error, model
error and error due to climate change. This paper reviews various sources of uncertainties in design rainfall estimation. It has been found that
uncertainty in design rainfall estimates are hardly considered in design applications. Uncertainty in design rainfall estimation can be assessed
using Monte Carlo simulation and bootstrapping techniques. These techniques require significant computer power, which however is not a
problem now a days. The biggest challenge in uncertainty estimation lies in the assessment of the impacts of non-stationarity in the rainfall data
on design rainfall estimates. The findings of this paper would be useful to future studies on design rainfall estimation.
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1. Introduction
Design rainfall is a probabilistic representation of rainfall intensity (depth of rainfall over a time period) at a given location for a given
duration and average recurrence interval (ARI). Design rainfall is an essential input to a hydrologic model, which is used to estimate design
discharge that is needed in the planning and design of many engineering infrastructure projects such as street drainage systems, culverts,
bridges and regulators. In design rainfall estimation, recorded rainfall data at many stations are used to develop intensity-duration-frequency
(IDF) curves by adopting statistical techniques such as regional frequency analysis.
Many countries in the world have carried out research on the derivation of IDF curves such as Australia (I. E. Aust., 1987; Haddad et al.,
2011; Johnson et al., 2012), U. K. (NERC, 1975), USA (Hershfield, 1961; Bonnin et al., 2006; Trefry et al., 2005), Hong Kong (Yu and Cheng,
1998), Italy (Baldassarre et al., 2006), Israel (Ben-Zvi, 2009), Denmark (Madsen et al., 2002, 2009), Malaysia (Zakarai et al., 2012), Iran
(Avolverdi and Khalili, 2010), Norway (Hailegeorgis et al., 2013) and Qatar (Mamoon et al., 2013, Mamoon et al., 2014). In many cases, the
quantity and quality of recorded rainfall data (in particular the continuous rainfall data) are inadequate, which results in a significant
uncertainty in the derived IDF curves. Also, climate change brings another dimension of uncertainty in the IDF derivation as in many cases
the past rainfall data may not satisfy the stationarity assumption (Ishak et al., 2013; Seidou et al., 2012; Leclerc and Ouarda, 2007).
As compared to humid region, design rainfall estimation in the arid region is more challenging mainly due to significant spatial and temporal
variability in rainfall and the limited availability of recorded rainfall data (Kwarteng et al., 2009; Zhang et al., 2005; Nasrallah and Balling,
1993). There can be long dry periods with little or no rainfall in the arid regions. Rainfall data time series must cover longer time periods to
capture the long term variability in rainfall to derive valid IDF curves that can be applied in the design with confidence. For example, shorter
rainfall data covering either dry or wet climatic regime would provide under- and over-estimation, respectively i.e. biased IDF curves.
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There have been many studies on design rainfall estimation; however, the uncertainty in design rainfall estimation has not been incorporated in
the final IDF curves in most of the previous applications. This paper focuses on the uncertainty in design rainfall estimation by identifying
various sources of uncertainty, reviewing various methods to account for the uncertainty and making recommendations on how uncertainty can
be incorporated in the final IDF curves.

2. Sources of uncertainties in design rainfall estimation
Zadeh (2005) defined uncertainty as an attribute of information. This definition can be applied to hydrology, where uncertainty has
traditionally been estimated using probability theory (Montanari, 2007). Uncertainty may be defined as a measure of the lack of accuracy
concerning observed data and modelling outcome.
Many attempts have been made to study different types of uncertainties in design rainfall estimation and rainfall runoff modelling (Yen and
Ang, 1971; Kavetski et al., 2006; Yu and Cheng, 1998; Ewen et al., 2006; Renard et al., 2010; Wu et al., 2011; Hailegeorgis et al., 2013 and
Tung and Wong, 2014). In general, the uncertainty in hydrological modelling can be divided into two main categories: (i) data and sampling
errors and (ii) modelling or structural errors (Haddad and Rahman, 2014). The data uncertainty is originated from measurements errors
resulting from instrumental and human errors and also due to inadequate representativeness of a data sample due to temporal and spatial
variability of the data.
The use of a limited quantity of rainfall data (such as data of short record length) in the frequency analysis introduces sampling uncertainty.
Due to sampling uncertainty, the estimates of higher order moments (such as skewness) become unstable, in particular due to the presence of
extremes/outliers data points. The sampling uncertainty is transmitted to the establishment of rainfall IDF model, model coefficients and,
eventually, to the design rainfall amount and adopted hyetograph (Tung and Wong, 2014). Uncertainty features of design rainfall via rainfall
IDF model coefficients in the risk-based design of urban drainage systems was addressed in an earlier study by Yen and Tang (1976). Wu et
al. (2011) addressed the cascade transmission of uncertainties starting from sampling errors to the analysis and design of drainage
infrastructures as illustrated in Figure 1.
The assumptions made during modelling may result in errors in the conceptual structure of the model. The choice of a model also introduces
errors in predicting quantile of interest. The uncertainty in the model parameters is attributed to inability in accurately quantifying the input
parameters for a model. The parameters obtained from the calibration process are also not free from uncertainty for various reasons including
data uncertainty (data used to calibrate the model contains errors), insufficient amount of data from which the parameters in an assumed
model are estimated, model uncertainty (the model structure used to calibrate the model is not adequate), and lack of sufficient data.
In modelling hydrologic systems, there are two sources of random variation that may affect the estimated system outputs: (i) the natural
temporal and spatial variability of climate and catchment factors being modelled; and (ii) the uncertainty in the definition of the model
structure, the model inputs and in the estimated model parameters (Nathan and Weinmann, 2013).
In general, hydrologic modelling is affected by four main sources of uncertainty (Renard et al., 2010): (i) input uncertainty, e.g., sampling and
measurement errors in catchment rainfall estimates; (ii) output uncertainty, e.g., rating curve errors affecting runoff estimates; (iii) structural
uncertainty (sometimes referred to as “model uncertainty”), arising from lumped and simplified representation of hydrological processes in
hydrologic models; and (iv) parametric uncertainty, reflecting the inability to specify exact values of model parameters due to finite length and
uncertainties in the calibration data, imperfect process understanding and model approximations.
Hailegeorgis et al. (2013) suggested that the regional frequency analysis of extreme precipitation events and hence derivation of IDF curves is
subject to the major uncertainties of different sources:






Data series used: data quality, which is related to the questions like is the data series stationary and independent; and sampling of data,
which are related to the time period and length of data series and the sampling type e.g. annual maximum series (AMS) and partial
duration series (PDS);
Selection of frequency distribution to describe the data;
Parameter estimation; and
Regionalization and quantile estimation.
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Sampling errors
Frequency analysis
Design rainfall hyetograph

Runoff hydrographs
Design of hydro-system infrastructures
Figure 1 Propagation of uncertainties in hydrological modelling

3. Uncertainty associated with regional rainfall frequency analysis
For estimation of design rainfalls (i.e. IDF curves), regional rainfall frequency analysis (RRFA) methods are generally used. The RRFA is
preferred over the at-site estimation to achieve consistency in estimation over the space. In RRFA, use of rain data from several sites and
grouping the rain gauges in homogeneous regions allow to trade space for time (Stedinger et al., 1993). Moreover, a regional approach allows
estimation of design rainfall at any arbitrary location within the region, in particular at ungauged locations. In RRFA approach, recorded rainfall
data within a ‘homogeneous region’ is pooled to compensate the scarcity of temporal data with the spatial data i.e. recorded rainfall data from
other stations in the region. In a homogeneous region, it is assumed that all the sites within the region have same regional growth curve/factors,
but the at-site scaling factor (e.g. mean or median value) is unique for each site which reflects the variation of at-site characteristics governing
rainfall generation. Principal steps of RRFA approach is illustrated in Figure 2. Types of uncertainties related to RRFA include the degree of
homogeneity of the assumed region, number of sites in the region, record lengths of the individual sites and how the regional data is pooled.

4. Uncertainty due to climate change
Climate change can be defined as any change to atmospheric forcing resulting from human activities, including the emission of greenhouse
gases as well as anthropogenic aerosols, whereas, climate variability is defined as changes resulting from ‘natural’ features of the climate (Ishak
et al., 2013). Climate change has been affecting different aspects of hydrological cycle including rainfall and runoff (Wang et al., 2013). This
can eventually lead to increased occurrence of extreme events such as rainfalls, floods, droughts, heat waves, summer and ice storms
(Simonovic and Peck, 2009; De Paola et al., 2013; Laz et al., 2014; Mamoon and Rahman, 2014; Mamoon et al., 2014). Since there is a strong
link between the global climate system and the hydrological cycle, a change in a component of the climate system will have a notable impact
on the magnitude and frequency of hydrological extremes, including the potential for changes to rainfall. This challenges the assumption of
stationary, which is fundamental in frequency analysis of hydrological data (Milly et al., 2008; Westra and Sisson, 2011). Failure to take such
change into consideration can undermine the usefulness of the return period concept in hydrological frequency analysis (Khaliq et al., 2006).
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Figure 2 Principal steps in regional rainfall frequency analysis (RRFA)
The Intergovernmental Panel on Climate Change (IPCC) in its fourth Assessment Report AR4 predicts more extreme climate towards the
end of the century, which will impact the design of engineering infrastructure projects with a long design life. Since extreme rainfall data is
used in the derivation of design rainfalls, which is used to design future drainage infrastructure, it has become an important research question
whether the extreme rainfall at a given region would change in future due to climate change and how this change will happen. As
temperature increases, the evaporation will increase, which will result in an increase in intensity of heavy precipitation events in many regions
globally, including some regions where average precipitation may even show a decrease (Meehl et al., 2007).
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The regional design rainfall estimates are made using the recorded rainfall data. It is however expected that the climate change will modify the
at-site and regional rainfall characteristics, which will undermine the use of the past data to make realistic long-term projections. For example,
the rainfall data statistics such as the mean or median may change due to climate change and hence the statistical distributional parameters or
the parent distribution itself would change. Due to the non-stationarity of rainfall under changing climate conditions, the change of intensity
for design storm under given duration and frequency has been observed in many regions (Willems and Vrac, 2011; Olsson et al., 2012).
Attempts have been made by researchers in various parts of the world to update IDF relationship under changing climate conditions. For
example, Simonovic and Peck (2009) applied two climate scenarios obtained as simulations outputs of global climate model (GCM) to assess
the impact of climate change on extreme rainfall events for the city of London in Western Ontario, Canada. Comparison of updated IDF
curves for climate change indicated that the rainfall intensity would most certainly increase under climate change scenario.
Wang et al. (2013) assessed the impact of climate change on IDF data at Apalachicola River basin using seven regional climate models under
emission scenario A2. Even though some models projected decreased rainfall intensity, the extreme rainfall intensity and frequency were
projected to increase by most models at the study area.
Mirhosseini et al. (2013) evaluated impacts on IDF curves for Alabama using high-resolution projections (for 2038–2070) derived from
dynamical downscaling of GCMs by regional climate models. Future IDF curves were constructed using 3-hourly precipitation data simulated
by six combinations of global and regional climate models being temporally downscaled using a stochastic method. The results of all six
climate models suggested that the future precipitation patterns for Alabama were expected to veer toward less intense rainfalls for short
duration events. However, for long duration events (e.g. 4 hours), the results were not consistent across the models.
It should be noted that significant uncertainty is associated with rainfalls generated by climate models (Wang et al., 2013). This could be
introduced by failure in improving long-term climate projection accuracy beyond what could be achieved by interpolating global model
predictions onto a finer-scale landscape (Pielke and Wilby, 2012). The rainfall observation is generally obtained from weather stations which
are point-based rainfall depth, but the rainfall depth from climate models is the average value at a very large spatial scale varying from 50 to
over 300 km. Due to large grid size, climate models provide coarse rainfall data, not easily comparable with point rainfall data.

5. Uncertainty analysis methods
Many studies in recent years suggest a range of methods for quantifying uncertainties (Hill et al., 2012; Renard et al., 2010; Pappenberger and
Beven, 2006; Aster et al., 2012; Gupta et al., 2005; Montanari, 2007). A few of the numerous approaches for understanding and quantifying
uncertainty are listed below:










Analytical methods (Tung, 1996);
Approximation methods e.g., first-order second moment method (Melching, 1992);
Simulation and sampling-based Monte Carlo methods (Kuczera and Parent, 1998; Burgman, 2005; Nathan and Weinmann, 2013);
Bayesian methods (Renard et al., 2010; Ye et al., 2008);
Methods based on the analysis of model errors (Montanari and Brath, 2004);
First-order variance estimation method (Tung and Yen, 2005) based on the Taylor series expansion;
Bootstrapping (Efron and Tibshirani, 1993);
Cross-validation approaches (Haddad et al., 2013); and
Methods based on fuzzy set theory (Maskey et al., 2004; Zadeh, 1978).

Uncertainty analysis methods in all of the above cases involve: (i) identification and quantification of the sources of uncertainty; (ii) reduction
of uncertainty; (iii) propagation of uncertainty through the selected model; (iv) quantification of uncertainty in the model outputs; and (vi)
application of the uncertain information in decision making process. However, Pappenberger and Beven (2006) noted that the practice of
uncertainty analysis and use of the results of such analysis in decision making is not widespread.
The Monte Carlo simulation technique is widely used in hydrology to assess uncertainty in the modeling (Abolverdi and Khalili, 2010;
Zakaria et al., 2012). It allows the quantification of the model output uncertainty resulting from uncertain model parameters. The Monte
Carlo simulation technique is based on the principle that model input variables are random instead of fixed values. The advantages of the
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Monte Carlo simulation technique are that this allows examining the impacts of many possible combinations of the input variables and model
parameters in rainfall estimation.
Zakaria et al. (2012) used Monte Carlo simulation technique to evaluate the performance between the simulated and calculated rainfall
quantiles of specific recurrence intervals in Malaysia. Hailegeorgis et al. (2013) used non-parametric bootstrap resampling approach to
quantify the sampling uncertainty in terms of interval estimates of quantiles (i.e. 95% confidence bounds). The interval estimate showed that
there is a huge uncertainty in quantile estimation due to sampling of data which needs to be incorporated in any frequency analysis from
historical data. The updated estimated quantiles and IDF curves with uncertainty bounds obtained from this study were found to be more
reliable as compared to the existing IDF curves for the city of Trondheim, Norway.
Various sources of uncertainties and their methods of analyses are illustrated in Figure 3.
5.1 Monte Carlo simulation
Monte Carlo simulation is a technique for iteratively evaluating a deterministic model using sets of random samples as inputs. The term
Monte Carlo was coined by S. Ulam and Nicholas Metropolis to capture the random properties of the roulette wheel played at Casinos in
Monte Carlo, Monaco. This method is often used when the model is complex, nonlinear, or involves more than just a couple of uncertain
parameters and simulation involving numerous evaluations of the model (Wittwer, 2004).
Monte Carlo simulation has been widely used to determine the impacts of model and parameter uncertainty on simulation results; these are
generally expressed in the form of confidence limits on hydrologic estimates (Rahman et al., 2002; Nathan and Weinmann, 2013). In Monte
Carlo simulation, the inputs are randomly generated from probability distributions to simulate the process of sampling from an actual
population. The data generated from the simulation can be represented as probability distributions (or histograms) or converted to error bars,
reliability predictions, tolerance zones, and confidence intervals. The basic principle behind Monte Carlo simulation is schematically shown in
Figure 4.
The steps involved in undertaking a Monte Carlo simulation for analysing parameter uncertainty are outlined below:







Identify the probability distributions of the input variables and model parameters;
Generate random values of each of the variables from their respective probability distributions;
Run the model with each set of the generated input variables and generate a model output for the given set of model parameters;
Store the model outputs;
Repeat the steps until the convergence criterion is satisfied or total number of simulation is reached; and
Analyze the distribution of model outputs to derive cumulative distribution function and other statistical properties (e.g., mean and
standard deviation).
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- Methods based on fuzzy set theory

Figure 3 Classification and analysis of uncertainties in hydrological modelling

Some advantages of the Monte Carlo simulation technique are provided below:






Probabilistic results: Results show not only what could happen, but how likely each outcome is;
Graphical results: Because of the data a Monte Carlo simulation generates, it is easy to create graphs of different outcomes and their
chances of occurrence;
Sensitivity analysis: In Monte Carlo simulation, it is easy to see which inputs had the biggest effect on bottom-line results;
Scenario analysis: Using Monte Carlo simulation, analysts can see exactly which inputs had been combined to generate certain outcome.
This is invaluable for pursuing further analysis.
Correlation of inputs: In Monte Carlo simulation, it is possible to model interdependent relationships between input variables. It is
important for accuracy to represent how, in reality, when some factors go up or down.
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Although flexible, robust and conceptually simple, Monte Carlo simulation methods tend to be among the most computationally demanding
(Hill et al., 2012) as they require a large number of model runs, time and resources to produce a reliable and meaningful uncertainty
estimation.

X1
Model function : Y = f (X)

Iterative simulation
X2
Sample output distribution

X3
Sample distribution of the input variables ( X1, X2, X3)

Figure 4 The principle of Monte Carlo simulation
5.2 Bootstrapping
Bootstrapping is a nonparametric statistical technique that allows computing estimated standard errors (bias variance), confidence intervals
and hypothesis testing (Efron and Tibshirani, 1993). Generally, it falls in the broader heading of resampling methods. It involves a relatively
simple procedure, but repeated many times and hence it is heavily dependent upon computer power.
This technique was introduced by Efron (1979a, 1979b) and further developed by Efron and Tibshirani (1993). The name “bootstrapping”
originated from an old saying the phrase, “To lift himself up by his bootstraps.” This refers to something that is unworkable and impossible.
In bootstrapping, the samples are drawn randomly from the original sample with replacement.
Generally bootstrapping involves the following basic steps:




Resample a given data set a specified number of times;
Calculate a specific statistic from each sample; and
Find the standard deviation of the distribution of that statistic.

Bootstrapping technique intends to be a more general and versatile procedure for sampling distribution problems without having to rely heavily
on the normality condition on which most of the classical statistical inferences are based (Tung and Wong, 2014). It is not uncommon to
observe non-normal data in hydro-system engineering problems. Although the bootstrapping technique is computationally intensive, such
concern is diminishing as the computer power has been increasing with time.
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6. Conclusion
Design rainfall is one of most commonly used inputs to hydrological models. Design rainfall estimation is made using recorded rainfall data
over many stations in a given region. Uncertainties in design rainfall estimates arise from various sources such as data error, sampling error,
regionalization error, model error and error due to climate change. This paper reviews various sources of uncertainties in design rainfall
estimation. It has been found that uncertainty in design rainfall estimates are hardly considered in design application. Uncertainty in design
rainfall estimation can be assessed using Monte Carlo simulation and bootstrapping techniques. These techniques require significant computer
power, which however is not a problem now a days. The biggest challenge in uncertainty estimation lies in the assessment of the impacts of
non-stationarity in the rainfall data on design rainfall estimates.
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