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Abstract: The Intergovernmental Panel on Climate Change (IPCC) assessed with medium confidence that there has been an 
anthropogenic influence in the intensification of heavy rainfall at the global scale. Nevertheless, when taking into 
account gauge-based evidence, no clear climate-driven global change in the magnitude or frequency of floods has 
been identified in recent decades. This work presents a study on the nonstationarity of floods in the Itajaí River, which 
is located in the Southeastern South America region, where the influence of El Niño-Southern Oscillation (ENSO) on 
hydrometeorological extremes has been reported. The analysis used a peaks-over-threshold (POT) approach and a 
Bayesian inferential framework, and revealed that occurrence rates and over-threshold peak magnitudes exhibit 
statistically significant and complex relationships with ENSO. The identified climate-flood link is further explored 
using sea surface temperature (SST) output from CMIP5 models under different representative concentration pathway 
(RCP) scenarios. Results are inconclusive as to whether it is possible to make a statement on scenario-forced climate 
change impacts on the flood regime of the Itajaí river basin. The overall outcome of the analysis is that, given that 
sample sizes are adequate, stationary models seem to be sufficiently robust for engineering design as they describe the 
variability of the hydrological processes over a large period, even if annual flood probabilities exhibit a strong year-
to-year dependence on ENSO. 
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1. INTRODUCTION  

The Intergovernmental Panel on Climate Change (IPCC), through its Special Report on 
Managing the Risks of Extreme Events and Disasters to Advance Climate Change Adaptation 
(SREX; Field et al., 2012) assessed that it is likely that there have been more statistically significant 
increases in extreme rainfall in more regions than there have been decreases. Furthermore, there is a 
medium confidence that there has been an anthropogenic influence in the intensification of heavy 
rainfall at the global scale. Nevertheless, when taking into account gauge-based evidence, no clear 
climate-driven global change in the magnitude or frequency of floods has been identified in recent 
decades. Regarding this issue, the SREX report states: ‘overall, there is low confidence in 
projections of changes in fluvial floods. Confidence is low due to limited evidence and because the 
causes of regional changes are complex’. 

In light of the conclusions of the IPCC SREX report, Kundzewicz et al. (2013) opt to take a 
cautionary stance and, rather than waiting for answers on the greenhouse-gas-forcing flood change 
issue, encourage ‘the continuation of empirical and model-based science and a “no regrets” strategy 
for limiting flood losses’. 

In the technical literature, the projection of flood hazard under climate change scenarios usually 
takes the following model chain approach: “emission scenario → general circulation model (GCM) 
→ downscaling → catchment model → flood frequency analysis” (e.g., Dankers and Feyen, 2009). 
These model chains have a complex and difficult implementation and their results are associated 
with high uncertainty (Merz et al., 2014). There are several sources of uncertainty in the model 
chain approach, one of the main ones being well-known shortcomings of all GCMs in simulating 
regional and local rainfall.  
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Delgado et al. (2014) argue that, if a strong climate-flood link is identified, it can be used to 
directly project future flood changes using GCM output, and propose the shortened climate change 
model chain “emission scenario → general circulation model (GCM) → nonstationary flood 
frequency analysis'', thereby bypassing downscaling, rainfall, and catchment modeling. Merz et al. 
(2014) see great potential in this approach and single it out as one of the emerging perspectives of 
flood risk assessment and management. 

In this paper, the shortened model chain approach proposed by Delgado et al. (2014) is applied 
to exploit a link between the flood regime in the Itajaí-açu river, in Southern Brazil, and ENSO 
using sea surface temperature, SST outputs from 34 atmosphere-ocean GCMs from the Coupled 
Model Intercomparison Project Phase 5 (CMIP5; Taylor et al., 2012), which is used in the Fifth 
IPCC Assessment Report (AR5), for the hypothetical design life 2016-2065 (50 years). For CMIP5, 
instead of emission scenarios, the IPCC adopted Representative Concentration Pathway (RCP) 
scenarios (Moss et al., 2010). This does not alter the above mentioned model chains except for 
changing their first element. 

Notwithstanding the advantages of the selected shortened model chain for projecting flood 
hazard under climate change, it should be noted that GCM limitations go well beyond rainfall 
simulation errors. In fact, even the recent generation CMIP5 GCMs still need further development 
in order to realistically simulate the most basic ENSO characteristics and other fundamental 
atmospheric processes (Guilyardi et al., 2012; Bellenger et al., 2013). Given these limitations, we 
are not yet at the stage where GCM output is the answer to bridge the major impediment to full 
applicability of nonstationary flood frequency models to engineering design, as discussed in Silva et 
al. (2016, 2017): the nonexistence of climate covariate data long into the future. For that reason, the 
objective of this article is not an exploration of future dynamics of the flood regime in the study 
region. Rather, in agreement with suggestions of Serinaldi and Kilsby (2015) regarding the use of 
GCM experiments output in nonstationary flood frequency analysis, the objective here is to make a 
sensitivity analysis of a nonstationary flood frequency model under the understanding that GCM 
experiments output can provide a somewhat reasonable hypothetical evolution of a climate index 
under a certain scenario. 

2. CASE STUDY AND METHODS 

Silva et al. (2017) studied the influence of ENSO on the flood regime in the Itajaí-açu River, 
located in Southern Brazil, through nonstationary flood frequency analysis with Poisson-
generalized Pareto (GP) models under a peaks-over-threshold approach and a Bayesian inferential 
paradigm. The analysis used data spanning from 1934 to 2014 at the gauging station Apiúna and, as 
a climate covariate, the Niño 3.4 December-to-February (DJF) mean SST anomaly, N34, calculated 
from the HadISST1 dataset by Rayner et al. (2003). Poisson-GP models assume that the annual 
exceedance counts follow a Poisson distribution while the flood exceedance magnitudes follow a 
GP distribution. The CDF of the Poisson-GP model is given by: 

( ) 0

1

0 ,0,1exp uxuxxF >≠κ
⎪⎭

⎪
⎬
⎫

⎪⎩

⎪
⎨
⎧

⎥
⎦
⎤

⎢
⎣
⎡

⎟
⎠
⎞⎜

⎝
⎛

σ
−κ−λ−=

κ
 (1) 

where λ, σ and κ are, respectively, the Poisson scale and shape parameters, and u0 is the selected 
threshold (in this case, u0 = 650 m3/s; Silva et al., 2016) 

A detailed treatment of the analysis is provided in Silva et al. (2017). Using Bayesian model 
selection tools, such as Bayes factors and Deviance Information Criterion (DIC), it was found that 
the Poisson parameter follows a quadratic polynomial relationship with the N34 covariate, while the 
GP scale parameter follows a cubic polynomial relationship. Table 1 shows the dependence 
functions, posterior modes of the parameters and DIC score of the stationary (PD0 and GP0) and 
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nonstationary (PD2 and GP2) Poisson and GP models. The combination the pairs of components of 
the POT models into annual models forms the stationary (AM0) and nonstationary (AM2) models. 
Figure 1 shows the observed annual maxima and the quantile functions of both annual models, as 
well as sampling uncertainty estimated based on the posterior distribution (Silva et al., 2017). 
 

Table 1. POT models: dependence functions, posterior parameter modes and DIC. 

Annual 
model 

POT 
model 

Dependence function Parameter Posterior mode DIC 

AM0 PD0 0λ=λ  
0λ  3.513 344.021 

 GP0 0σ=σ  
0σ  445.751 4056.595 

   κ  -0.086  
AM2 PD2 2

210 34N34N λ+λ+λ=λ  0λ  2.933 334.581 
   1λ  0.253  
   2λ  0.693  

 GP2 3
3

2
210 34N34N34N σ+σ+σ+σ=σ  0σ  455.166 4052.697 

   1σ  -134.568  
   2σ  -12.615  
   3σ  59.041  
   κ  -0.035  

 

Figure 1. AM0 model (left): posterior predictive (continuous lines) and parameter mode distributions and 95% 
credibility intervals. AM2 model (right): posterior predictive (continuous lines), parameter mode (dashed lines) and 
95% credibility intervals (dotted lines) for 2 nonexceedance probabilities as functions of N34. The darkness of the 

shadings is proportional to the pointwise posterior density of the corresponding quantiles. 

3. ANALYSIS SETUP 

The Bayesian posterior predictive distribution of future events, W, is integrated over all possible 
posterior realizations of the parameter vector, θ , thereby allowing the integration of the natural 
variability and sampling uncertainty in a single flood hazard estimation (Merz and Thieken, 2005). 
The predictive density is defined by: 

( ) ( ) ( ) θxθθx dwgwg ||| π= ∫
Θ

 (2) 

where x is the sample and ( )xθ |π  is the posterior parameter density. 
Silva et al. (2017) combined this concept with that of the flood hazard measure proposed by 

Rootzén and Katz (2013) termed ‘design life level’ (DLL), which is defined as the flood level or 
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flow with a probability p of being exceeded over a design life period T1:T2. The approximation of 
the posterior predictive distribution of the DLL, using Nsim MCMC output simulations is (Silva et 
al., 2017): 
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where Ft(x) is the CDF of annual maximum floods at year t. The application of this flood hazard 
measure under nonstationarity is dependent on the availability of covariate data during the design 
life period. In this work CMIP5 output is used to obtain several possible realizations of the climate 
covariate in the design life period of 2016:2065. 

Projections of monthly SST averaged over the Niño 3.4 region under climate change scenarios 
were obtained from output data from CMIP5 experiments with models forced by RCP scenarios. 
CMIP5 experiment data were obtained from the KNMI Climate Explorer database (Trouet and van 
Oldenborgh, 2013; https://climexp.knmi.nl/). Four RCP scenarios were considered: RCP2.6, 
RCP4.5, RCP6 and RCP8.5. RCPs are labeled according to a rough estimate of the radiative forcing 
in the year 2100, relative to preindustrial conditions. van Vuuren et al. (2011) provide a detailed 
overview of the development and main characteristics of the RCP scenarios. 

Table 2 lists the institutions and names of the CMIP5 experiments considered in this study, along 
with the number of realizations or runs by each experiment for each RCP scenario. Some 
experiments have more than one realization per scenario, in which case the distinction between 
realizations is due to initializing GCM runs from different, but equally realistic, starting conditions 
or they might be produced by different “perturbed physics” versions of the same model (Taylor et 
al., 2011). 

A preliminary analysis of the CMIP5 data under RCP forcing revealed an evident warming of 
Equatorial Pacific SSTs in the 21st century in all RCP scenarios. The warming is particularly 
evident after RCP forcing kicks in, in 2006. To deal with the upward trend in mean SST under RCP 
forcing, the data were detrended using the methodology described by Lindsey (2013), which is 
employed by the United States National Oceanic and Atmospheric Administration (NOAA) Climate 
Prediction Center: each 5-year period uses a 30-year average centered on the first year in the period. 
For example, the 2006-2010 period is compared to the 1991-2021 average, and so on. 

After calculating the N34 covariate from CMIP5 data, a preliminary look into the resulting N34 
time series revealed that some of the models did not adequately simulate the variance of the 
covariate: while some GCMs produced N34 time series with a very low variance, resulting in 
mostly ENSO-neutral years, others produced N34 realizations with a very high variance, 
characterized by an exaggerated proportion of strong El Niño/La Niña events, relative to the 
observed N34 regime from the HadISST1 dataset, particularly during the flood model estimation 
period (hydrologic years, starting on 1 October, from 1934/35 to 2013/14).  

In light of the aforementioned limitations in preserving N34 variance from some GCMs, not all 
of the experiments listed in Table 2 were used in the analysis. A statistical test was employed to 
identify the experiments whose N34 variance was significantly different from the HadISST1 data, 
which were not considered. The utilized statistical test was the modified robust Brown-Forsythe 
Levene-type test based on absolute deviations from the median, which is implemented in the 
function levene.test() of the lawstat package (Hui et al., 2008) in R (R Core Team, 2013). Given k 
random samples with variances σ i

2 , i =1,2,…,k , the null hypothesis of the Brown-Forsythe test 

considers that all variances are equal, H0 :σ1
2 =σ 2

2 =…=σ k
2 , vs. the alternative hypothesis H1 :σ i

2 ≠σ j
2

for at least one i ≠ j  (Brown and Forsythe, 1974).  
The samples used for the Brown-Forsythe test correspond to the subsets of the HadISST1 and 

CMIP5 model realizations spanning from 1970/71 to 2005/06, when the RCP forcing of the GCMs 
starts. In a similar approach to that of Delgado et al. (2014), the N34 time series were pooled so that 
for each pool there was a set of time series that were derived from the same experiment. Rejection 
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of the null hypothesis implied that the pool being tested was excluded from the analysis. This way, 
entire experiments were excluded instead of individual realizations, thereby preserving the 
variability of different runs within the same experiment. The significance level used was 5%. The 
experiments for which the null hypothesis was not rejected are marked with an asterisk in Table 2.  

 
Table 2. CMIP5 experiments considered for analysis and corresponding number of realizations per RCP scenario.  

(*) Null hypothesis of the Brown-Forsythe test was not rejected. Number of remaining GCM runs after selection criteria 
were applied.  

Institute 
 

Experiment Number of realizations per scenario 
RCP2.6 RCP4.5 RCP6 RCP8.5 

CSIRO-BOM                   ACCESS1-0 *          0 1 0 1 
                            ACCESS1-3 *           0 1 0 1 
BCC                         BCC-CSM1-1             1 1 0 1 
                            BCC-CSM1-1-M           1 1 1 0 
CCCMA                        CanESM2                5 4 0 5 
RSMAS                        CCSM4                   6 6 6 6 
NSF-DOE-NCAR                
                            

 CESM1-BGC              
 CESM1-CAM5              

0 
3 

1 
3 

0 
3 

1 
2 

CCMC                         CMCC-CM *                0 1 0 1 
                             CMCC-CMS *              0 1 0 1 
CNRM-CERFACS                 CNRM-CM5 *               1 1 0 5 
CSIRO-QCCCE                  CSIRO-Mk3-6-0          10 10 10 10 
EC-EARTH                     EC-EARTH                1 6 0 6 
FIO                          FIO-ESM                 3 3 3 3 
NOAA GFDL                    GFDL-CM3               1 3 1 1 
                             GFDL-ESM2G *            1 1 1 1 
                             GFDL-ESM2M              1 1 1 1 
NASA GISS                    GISS-E2-H               3 15 3 3 
                             GISS-E2-H-CC *           0 1 0 0 
                             GISS-E2-R               3 17 3 3 
                             GISS-E2-R-CC            0 1 0 0 
MOHC                         HadGEM2-AO *             1 0 1 0 
                             HadGEM2-CC *            0 1 0 1 
                             HadGEM2-ES *            4 4 3 3 
INM                          INMCM4                  0 1 0 1 
IPSL                         IPSL-CM5A-LR            4 4 1 4 
                             IPSL-CM5A-MR *          1 1 0 1 
                             IPSL-CM5B-LR *          0 1 0 1 
MIROC                        MIROC5 *                3 3 3 3 
MPI-M                        MPI-ESM-LR *            3 3 0 3 
                             MPI-ESM-MR              1 3 0 1 
MRI                          MRI-CGCM3               0 1 1 1 
NCC                          NorESM1-M               0 1 1 1 
                             NorESM1-ME *             0 1 1 1 
Total runs  57 103 43 73 
Remaining runs After Brown-Forsythe test 14 21 8 23 
 After dismissing runs with N34 realizations 

exceeding the limits of the observed range 
plus 10 % on either side 

8 13 4 14 

 
Upon further analysis of the N34 time series produced by the GCMs which were not rejected by 

the test of equality of variances, it was found that many of them had N34 values well outside the 
range of the observed series in the period used for estimating the nonstationary model. Some model 
runs produced occurrences of N34 values larger than 3 and/or lower than -3, while the range of 
values used in estimation is [-1.835, 2.392]. While the plausibility of the occurrence of such 
anomalies is not disputed, the fact remains that, as with any regression model, using nonstationary 
models to predict flood probabilities outside the range of the observed covariate values bears careful 
consideration since it requires extrapolation beyond the observed data. N34 series produced by 
GCM runs with values outside of that range were dismissed from further analysis. Table 2 (bottom) 
shows the remaining number of runs after the two selection criteria were applied. 
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4. RESULTS 

The predictive distributions of the design life level (DLL) were computed using GCM output 
data from the experiments selected in Section 2 and the nonstationary model posterior parameter 
MCMC samples obtained in Section 2, using the methodology described in Silva et al. (2017). A 
design life of 50 years was considered, starting on the hydrologic year 2016/17. 

Figure 2 shows individual CMIP5 predictive DLL estimates organized by RCP scenario as well 
as the DLL of the stationary model for a design life of 50 years. For each scenario, the DLL curves 
show a range of results that both increase and decrease flood hazard estimates relative to the 
stationary model. However there is no consistent upward or downward shift according to increasing 
greenhouse gas pathway forcing via the RCP scenarios, i.e., apart from a single estimate that is a 
clear outlier (in RCP8.5), there is no clear difference between the range of results of scenarios 
RCP2.6 through RCP8.5. 

 

Figure 2. DLL for the life period 2016/17-2065/66 (50 years) for the AM0 and AM2 models with climate covariate 
calculated from CMIP5 model output under 4 RCP scenarios. Corresponding ensemble means. 

 
Figure 2 also shows the CMIP5 ensemble mean DLL estimates for each RCP scenario, which are 

obtained by averaging the predictive DLL probabilities for each flood quantile, together with the 
DLL of the stationary model. It is apparent that, although the results of Figure 2 show both positive 
and negative changes in flood hazard estimate relative to the stationary model, the ensemble mean 
results under either scenario is not much different from the stationary results. 
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5. CONCLUSIONS 

Given the practical results relevant to the case study at hand, we conclude that, to date, it remains 
impossible to make a statement on scenario-forced climate change impacts on the Itajaí river basin 
with any reliable statistical significance, since, for the 2016/17-2065/66 design life, the predictive 
DLL estimates of the nonstationary models do not differ greatly between different scenarios. 
Furthermore, the ensemble mean results are not clearly different from the results of the stationary 
model for a design life of 50 years. This suggests that, unless future climatic fluctuations are 
significantly different from those observed in recent decades and from the CMIP5 model outputs 
used in the analysis, the stationary model is sufficiently robust for engineering design as it describes 
the variability of the process over a large period, even if annual flood probabilities exhibit a strong 
year-to-year dependence on ENSO. 

It is important to acknowledge the many drawbacks faced during the analysis briefly presented in 
this paper, from the reports in the technical literature of the ineptitude of CMIP5-generation GCMs 
in reproducing basic characteristics of the ENSO phenomenon, cited in Section 1, to the exclusion 
of the vast majority of GCM realizations of the N34 covariate by consideration of two reasonable 
and prudent selection criteria. This justifies interpreting the results with some degree of scepticism. 
Nevertheless, the CMIP5 models used here are the current state-of-the-art GCMs adopted by the 
IPCC and their results, despite the inherent uncertainties, are used by policy makers to develop 
adaptation options to climate change. Therefore, even under the assumption that the N34 series 
obtained from CMIP5 outputs do represent possible future realizations of the climate covariate, it is 
reasonable to conclude that the results presented here do not provide evidence supporting a clear 
advantage of nonstationary flood models, over stationary ones, for engineering design purposes. 

To conclude, we stress that the analysis presented in this paper is inherently dependent upon the 
ability of current generation GCMs to simulate ENSO. In that regard, it is worthwhile to mention an 
assertion made by Bellenger et al. (2013) on CMIP5 and ENSO: many CMIP5 models are 
simulating more processes than they did in CMIP3 (the preceding generation of GCMs), which, by 
adding degrees of freedom to the models, makes simulating Earth's climate more challenging. 
Those authors comment that, since ENSO properties in CMIP5 are not degraded relative to CMIP3, 
there is added confidence for future improvements on the climate modeling enterprise. Therefore, it 
would be worthy to repeat this analysis when the next-generation GCMs are made available. 
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