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IDF curves for rainfall extremes
IDF curves show estimated rainfall intensity (I) for a duration 
(D) and return period, or frequency, (F)



How to estimate IDF-curves?
● Fit GEV distributions to annual maximum precipitation data.
● Fit one GEV distribution for each target duration d.

The GEV quantile function yields
return level for a fixed duration & 
return period:



How to estimate IDF-curves?
● Fit GEV distributions to annual maximum precipitation data.
● Fit one GEV distribution for each target duration d.



Is this really a problem?

● 83 stations in Norway with 1 min data 
● Estimate IDF curves for 16 durations:

1 min to 24 hours
● Inconsistent IDF-curves for 25% of the

stations



Proposed solution



Posterior medians Some other
posterior quantiles
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Simulation study 1 Simulation study 2 Norwegian AM data

Figure 9: Histograms showing the quantiles that were chosen by the quantile selection algorithm for Simulation study

1 (left), Simulation study 2 (center) and when using the observed AM data from Norway (right). Only converging

cases where the algorithm did not select the posterior median are included in the plot as the posterior median is

selected for most durations. More specifically, the median was selected for 919 out of 1600 durations for Simulation

study 1, for 1085 out of 1392 durations for Simulation study 2 and for 1287 out of 1328 durations for the Norwegian

AM data.

2 seconds on a normal computer.

Figure 9 shows which quantile was chosen by the quantile selection algorithm in cases where the posterior

median was rejected. We see that the quantiles chosen are normally distributed around the 50 %-quantile,340

showing that the algorithm indeed prefers solutions centered around the initial posterior median. In this

sense, the quantile selection algorithm is unbiased with respect to the initial median, not tending to prefer

moving towards higher or lower quantiles.

While the quantile selection algorithm requires that a valid solution exists within the initial 1 � 99%

posterior prediction intervals, isotonic regression can move the return levels wherever needed to achieve345

consistency. Because of this, isotonic regression is more flexible than the quantile selection algorithm and

will find valid solutions in cases where the algorithm does not converge. Another main di↵erence between the

post-processing methods is that the quantile selection algorithm moves the whole curve C(di,T ,↵di) during

the adjustment, while isotonic regression can move single return levels z0.5di,Ti
. In Figure 10 we illustrate how

these model di↵erences a↵ect the adjusted return levels. Here, we compare the unadjusted return levels to350

the adjusted return levels provided by the quantile selection algorithm and isotonic regression. Figure 10

shows that isotonic regression, as the quantile selection algorithm, gives return levels centered around the

(unadjusted) posterior median return levels. However, isotonic regression tends to provide return levels closer

to the initial posterior medians than the quantile selection algorithm. For example, it provided return levels

within the 40-60 % posterior intervals for 90% of the return levels, while for the quantile selection algorithm355

this happened for only 78.3 % of the return levels in the first simulation study. This is likely a consequence of

isotonic regression’s ability to perform a more local adjustment compared to the quantile selection algorithm.

Despite producing adjusted return levels closer to the posterior medians, isotonic regression performs
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ANE = Absolute normalized error

Result: curves are now
consistent and return
level estimates are more 
precise
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Pros:
• Flexible and quick
• Can be used with any

Bayesian model for 
estimating return levels

Cons:
• Gives less smooth curves

than fully parametric
models

• Not suitable for 
extrapolation to out-of
sample durations



More information:
github.com/ClimDesign/fixIDF


