List of Major Changes

Global changes:
* Revision of text structure according to readability and story line
* Supplementary Material: Some Figures are put to a supplementary document

* We added an appendix section and moved some information into it

Specific changes:
* We rearranged Section 2 for a better story line and readability
*  We adjusted some Figures according to the comments of the reviewer

*  We reduced the number of acronyms to reduce confusion



Point-by-point response to Reviewer #1
Florian Ehmele on behalf of the co-author
December 19, 2018

Thank you very much for your work and the useful and valuable comments that helped to
improve the scientific quality of our manuscript. Please find below our reply to the individual
points.

The authors have made great efforts in improving the manuscript. The paper structure looks
better, and it appears to be a complete model development study after adding a
comparison with another model.

We thank you for your positive feedback.

But | think the description of the model algorithm should be simplified, especially from
those previous studies. But the sections developed by the authors should be highlighted. In
this way, the readability will be improved and the novelty will be highlighted.

We agree, that a rearrangement and tightening of the model description section would be
helpful especially as the comments of the other reviewer go into the same direction. We
have fixed this in the revised version of the manuscript by shortening the description of the
original linear model and rearrange Section 2: General Description, Description of the
original approach, modifications made by us and a Section on pre-preparations and general
simulation procedure (flowchart).

Another aspect is not so clear. The procedures for extreme events do not include a
component for time series generation. For weather generator, it usually generates time
series of wet events. However, it appears that the current procedure develop the PDFs of
different seasons based on a group of extreme wet events, and then used to generate
another group of extreme events. If so, how to apply the results for future risk assessment?

You are right, based a seasonal PDFs of historic extreme events, a stochastic event set is
computed with a certain number of at first independent events. It is possible to estimate a
corresponding somehow continuous time period as it is described in Section 6: Counting
the number of events in the stochastic event set exceeding a defined threshold, for
example, in our case the 99" percentile of the observations (regarding spatial mean
precipitation) and normalize it with its probability. The resulting total time span Tspm can be
used to estimate the return period of every single event (like in Figure 15), to rank the
events, and to estimate a new PDF (Gumbel) which can be used for the risk assessment.
The rainfall events can be used as input for hydrological rainfall-runoff-models. We have
added a statement in the conclusions on how to transfer the results to future risk
assessments.



Point-by-point response to Reviewer #4
Florian Ehmele on behalf of the co-author
December 19, 2018

Thank you very much for your work and the useful and valuable comments that helped to improve
the scientific quality of our manuscript. Please find below our reply to the individual points.

Dear Florian Ehmele and Michael Kunz,

| have now finished reading your manuscript entitled “Flood-Related Extreme Precipitation in
Southwestern Germany: Development of a Two-Dimensional Stochastic Precipitation Model”. |
found the manuscript interesting and | think the hydrological community will benefit from the
advancements in Smith and Barstad’s stochastic rainfall model you are suggesting. The manuscript
fall within the topics cover in HESS, and | believe that after revising the text the paper can be
accepted for publication.

Thank your very much again for you positive feedback on the general topic of the paper.

Saying that, | have struggled to read the paper till the end. In its present form the text is hard to
read and to follow. My main comments are therefore related to the structure and length of the text:
* The text is too long. | suggest moving some of the Tables and Figures to the supplementary

material (SI) - see some suggestions in the specific comments below. The same goes to the
text itself - some of the descriptions can be summarized in a Table (list of model
parameters, for example) and some can be moved to the SI. In addition, the text can be
shorten in many places. For example, Section 3 (data sets) could be summarized in a single
page (2.5 pages currently). The first sub-section describing the rainfall product can be
summarized in two sentences, refereeing to REGNIE and indicating the product limitations.

After rereading the paper again, we agree that at many places the text can be tightened. Saying that
we tried to rephrase the text without loosing to much necessary information. We follow the
suggestion to move some of the Figures to a supplementary document, and we moved some
information to an appendix.

* There are many replicas in the text that need to be eliminated. For example, Section 2.6
“Stochastic modeling of precipitation events with SPM2D requires the adjustment of
appropriate probability density functions (pdfs) to all input parameters...” and in the
beginning of Section 5.1 “Stochastic model simulations are based on pdfs that are adjusted
to the required parameter...”. The text should be concise as possible, especially when the
text is of technical nature like in this manuscript.

We carefully checked the paper again for replicas and eliminated them as far as possible.

* Some restructuring is needed. In many cases | thought that information is missing and that
the text is incomplete just to realize that the information | looked for is written later in the
text. For example, in page 5 line 15 you mention that “R may become negative” and only later
(page 6 line 25) you explain that even if it is negative you consider it to be zero. Another
example, the model is briefly described at the introduction and then again in Section 2.1. |
suggest to follow a simple structure: general introduction, description of the model
component, model calibration (general calibration procedure, not tailored to the case study,
so readers can understand what input is required and how to calibrate the model), short
description of the study area, short description of the data sets, calibration and results of the
case study, and conclusions.



We also agree in this point with the reviewer and tried to rearrange the text that information is given
at the right place (see also specific comments below). We removed the mode description from the
introduction to keep it general. As a restructuring of Section 2 was also recommended by the other
reviewer we applied it as follows: General Description of the complete stochastic model (2.1), brief
description of the underlying linear orographic model by Smith and Barstad with its components
(2.2), description of the modifications implemented in this study (2.3), and pre-preparations and
general simulation procedure (2.4). We now think that our modifications are more highlighted and
the overall operating principles became more clear. At this point we need to clarify that the given
calibration in Sect. 4 is the general procedure using the training sample of historic extreme events
and the case study (4.4) is an example (out of that sample) of the model output after calibration.

Below please find my specific comments to the text. | hope that you will find my comments useful
and take my criticism positively. | value your study and | hope they will assist in improving the
manuscript.

Again many thank, your comments indeed have been very helpful.

Specific comments
[page line]

[2 1] Actually, IDF curves can be estimated over large areas using gridded information from remote
sensing. In recent years there were several advances in this direction. Search, for example, for
recent publications by Francesco Marra.

[2 4-6] For more recent studies were rainfall generators were used to compute spatially distributed
IDF curves | can suggest the Authors to also consider two recent papers that we (Peleg et al., 2017
and 2018) have published that address this topic explicitly.

Peleg et al. (2017). Partitioning the impacts of spatial and climatological rainfall variability in urban
drainage modeling. Hydrology and Earth System Sciences, 21(3), pp.1559-1572.

Peleg, N. et al. (2018). Spatial variability of extreme rainfall at radar subpixel scale. Journal of
Hydrology, 556, pp.922-933.

Thanks for mentioning this new and interesting studies. We updated the introduction concerning
this studies.

[2 14-25] This paragraph belongs to the method section, where the model is described.
Moved to and included in Section 2.1.

[4 3] Why only stratiform clouds? | see in eq. (1) that the convection component is also consider. |
suspect that Eq 1 is not referring to the original model but to the developments you added later.
Maybe first describe simply the original model as it, and then added a section explaining the changes
you are suggesting.

The SPM2D is designed for widespread heavy precipitation related to pluvial flood events for which
convection is of minor importance. Nevertheless convection can appear atop stratiform clouds
influencing the very local precipitation distribution. This was the reason for us to implement this
term. Equation 1 gives the total precipitation as it is calculated in the complete SPM2D and includes
the original Smith-Barstad model as well as our modifications. As mentioned to the general
comments, we rearranged Section 2 completely, so this should become clear.

[4 7] “large scale lifting”. What do you mean by that? upward lifting (i.e. omega component)? Isn't
that part of vertical convection?



We rephrase the according text for clarification. Large-scale lifting is referred to the omega-
equation with its components of vorticity advection, warm air advection and diabatic phase
transition which lead to large-scale vertical motions. Conversely, convection (in meteorology)
describes small-scale thermally driven circulations (e.g. buoyancy) which is a different type of
physical process, and so we differentiate it accordingly.

[4 9] “rSPM”. If | understand right, you are modifying the original SPM2D model to be a reduced
complexity model for some components while adding additional components that were not part of
the original model. The fact that you have two names for the same model (SPM2D and rSPM) is
confusing. Mention the changes made to the model (can also be given in a form of a table - original
model components and the new model components) so it will be clear what is what.

SPM2D is the new complete model, rSPM is meant as the original Smith-Barstad model. Along with
the restructuring we changed the name to SBM to separate it more distinctly. We also reduced the
number of acronyms (see further comments below).

[4 9] “we included two additional precipitation components”. Which are not part of the original
Smith and Barstad model? If this is the case, then equation 1 should be with only the components
originally used in SPM2D and a new equation 2 is to be given with the components of rSPM. That
will also resolve my above comment related to the stratiform cloud.

This should be clear now with the new text structure.
[4 11-13] The sentence is not that clear, please rephrase.

We fixed this.
[general comment] Please add a table that summarize the parameters of the model.

After tightening and rearranging the text, we think an additional table is not necessary, especially as
Table 2 (Sect. 5.1) gives this overview when summarizing the results of the pdf estimation which is
the required part to run the SPM2D in stochastic mode.

[4 15] “is simulated”. Simulated how? For each year the total numbers of events and the length for
each events are sampled from a given distribution? If so, which distribution is used? Please give
more details here.

This should be clear now in the Sect. 2.4.2 giving a description of the general simulation procedure.
A total number of independent events (here 10,000) is simulated using the estimated seasonal pdfs.
Which type of pdf best fits the observed distribution for each variable is given later in the results
part (i.e. Table 2, Sect. 5.1) and not of importance at this point. The stochastic event set than can
reallocated to a certain time period as described in Section 6, which then is useful e.g. for risk
assessments.

[4 18-19] | am missing some information here. What is the spatial and temporal resolution of the
model? Is the model daily or sub-daily?

This should now be clarified within the introductory paragraph to Section 2 and Section 2.4.2. The
spatial resolution of the model is 1 km? in accordance to the mainly used REGNIE observations. The
temporal resolution of the SPM2D is 24 hours. Within every time step, the stochastic precipitation
parts of fronts and convection are calculated once and treated as footprints in daily precipitation.
The SBM parts of orographic and synoptic background precipitation are calculated twice in



accordance to the 12-houly soundings we used and to account for slightly variations of the ambient
conditions during the day. We add this comment to the text.

[4 30] “sounding data”. Can also be estimated from other sources, such as reanalysis data? A matter
for a latter discussion.

We use sounding data in this study, but yes, vertical profiles can be estimated from reanalysis data
as well. We add a comment on that to the conclusions.

[Figure 2] What are all the larger/smaller values from zero refer to? For example, for Roro, which
arrow is for values larger than zero and which arrow to follow when values are smaller than zero?
Rtot will always be larger than zero as only wet events are consider, no?

We add two additional arrows for the cases of Roro < 0 and Rfront < O to Fig. 2. With the
restructured text and the answers to previous comments, this should also be clear now. Both Roro
and Rfront can attain negative values in descent regions due to evaporation. These negative values
are taken into account in the summation of Rtot. And the end, values of Rtot <0 are truncated away
as it is non-physical. Therefore, Rtot can reach zero at some grid points but regrading spatial means
only wet events are simulated with SPM2D.

[5 9] | can understand why the time sacles are constant in time, but why they are constant in space?

This is an assumption of the original Smith-Barstad model and one reason why the extent of the
model domain is limited. The time scales are assumed to be homogeneous regrading mesoscale
areas. We add a comment on that in the text.

[5 15] And is consider negative when embedded in equation 1 or is set to zero?
[6 24-26] OK, that answer my previous question. This should have been mentioned earlier.

See above reply on the comment on Figure 2. Fixed in the text.

[7 4] | do not see it in equation 6. Did you meant eq. 7?
[7 11] Eq. 7. Equation 6 is still on the k,l plane.

We combined the former Equations (4) and (6) to a final function for orographic precipitation. The
new Equation (4), then, visibly contains all the modifications made. With that, the text should be
better understandable.

[7 15] “whereas Coro is constant over the whole domain”. From Fig. 3 it seems that Coro is
changing along the x-y plane and is not constant over the whole domain. Is it constant in time? |
guesses you meant here to say that Coro is affecting all grid cells in all times.

Coro is a constant number which affects all grid points and throughout all events which reduced the
orographic part by a certain degree. In regions with high values of Roro the effect of Coro is more
pronounced than in regions where Roro is of less importance. We modified the according text for
better understanding.

[8 2-4] This explanation should be moved up, after equation 1 is introduced.

Fixed.



[8 30] The value of Cfront is determined from a distribution? Or is it constant for each season?
Depend on the wind direction? Please add information on how the values of Cfront are defined.

As described in the text, a front is implemented as a rectangular area with infinitely extent along the
front-parallel axis and a Guassian-shaped smoothing along the front-normal axis (we also adjusted
the notations in Figure 4). The each time step, the maximum of this distribution is given by Cfront
using the corresponding seasonal differentiated pdfs and than smoothed to the borders of the
rectangular. We modified the text for better understanding. Furthermore, Cfront is independent
from wind direction.

[9 10] “Note, however, that the model is not foreseen to simulate purely convection”. But, often the
most extreme rainfall is (almost) purely convective in nature - isn't that contradict the purpose of
this study, to explicitly account for the extreme (200-y return period) rainfall events?

You have to separate between pluvial flood events and flash floods. Flash floods are driven by
almost purely (free) convective precipitation. Pluvial floods along the major rivers, which are the
focus of this study, are not related to free convection but are caused by widespread long-lasting
precipitation from stratiform clouds where convective cells can be include leading to locally
enhanced rainfall totals. This is the reason why we add a convective precipitation part Rconv, but it
is different from (free) deep moist convection. We modified the text for better understanding.

[10 9] “convective cells”. It makes sense to follow the cell structure only if the temporal resolution
of the model is hourly or sub-hourly (is it? reading so far | couldn't find the information about the
temporal resolution of the model), with coarser resolution you cannot detect cells' structure
anymore.

As mentioned above the SPM2D is not foreseen to simulate purely convection in detail. The
expression “convective cell” might be inappropriate in this case, so we changed it to “footprint”
which is more of what was the intention - regions of enhanced precipitation due to convection
visible in daily totals.

[10 12] I get from this that the grid cell size is 1 km? That information should be written
somewhere.

We add a short paragraph on that at the beginning of Section 2.

[11 3] “the spatial distribution of Cconv randomly varies between the given limits”. Why? Anyhow
you do not try to capture the spatial structure of the cells, so why adding another level of
complexity?

Even though convection is simplified and seen as footprints in daily precipitation, it is adequate to
vary Cconv in between such a footprint instead of assigning a constant value for the entire footprint
area. In an extreme case a footprint can be of 300km length and in order of several 10km width.
Assigning a constant value to this large area would produce a less realistic precipitation distribution,
so we vary Cconv and smooth it at the end. Nevertheless, for potential subsequent hydrological
simulations widespread precipitation is of greater importance and the difference between a fixed or
a varying Cconv is negligible. We add a comment to the text.

[12 2] March-April-May, MAM from hereon. Same for the other seasons.

Fixed.



[Table 1] Instead of list of distributions that were examined, | suggest having a table summarizing
the distribution used for each of the variables.

- Further reading, | see that this information is given in Table 3. | thus do not see the need in having
Table 1 (maybe as supplementary material) and suggest to remove it.

We agree and put Table 1 into an appendix section as it is useful for the pdf acronyms.
[16 6] r refer here to the spatial correlation of a given rain field?

Despite putting the description of the skill score to the appendix section, we changed the text to
clarify this comment. r in this case is the Spearman correlation coefficient between the observed
and simulated precipitation field (2D).

[Figure 7] Can be moved to the supplementary material.
[Figure 9] can be moved to the Sl as well.

As recommended we put both figures into a supplementary document.

[21 7-11] There is more than the mean areal rainfall that needs to be consider when comparing
maps of extreme rainfall. For example, how well the structure (dimension and location) of the heavy
rainfall (e.g. above 50 mm per day) are reproduced?

Such information, actually, is given at the beginning of the case study when describing the spatial
distribution of the observed and simulated precipitation filed. To pronounce it a little bit more we
add hard numbers of overall maximum precipitation and the area exceeding R=50mm.

[26 7] Simulated how? | guess that for a given event the parameters were sampled from the
relevant distributions independently. Are the model variables (e.g. the lapse rates) corss-correlated
and, if so, is the cross-correlation accounted for in the model (for example, by sampling the
parameters from the pdfs using copulas). Please provide more information here.

The simulation procedure is given in Sect. 2.4.2. but we also add some information at this point:
Every single event of the 10,000 has a specific duration leading to a total number of approx 31,500
days. For each of the input variables a vector of values of the same length (31,500) is estimated
using the corresponding pdfs giving the required input for each day. The variables are treated as
independent. A correlation analysis was given in Sect. 5.1 and reveals less correlations so that a
coupling of pdfs via copulas is not necessary.

[new table] | suggest adding a new table summarizing the different models and experiments
(rSPM10k, CCLM, rSPM...). It becomes difficult to follow all the names.

During the revisions we conclude that some of the acronyms are not necessary or not any more.
Therefore, we reduced the number of names to a minimum so that an extra table is not required.

[Figure 16] SI

Done.
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Abstract. Various application-fieldsfields of application, such as insurance-industry-risk-assessments-for-therisk assessments
of the insurance industry or the design of flood protection systems, require reliable precipitation statistics in high spatial

resolution, including estimates for events with high return periods. Observations from point stations, however, lack of spa-
tial representativeness, especially over complex terrain. Thus-they-do-notreliably represent-the-heavy-tail-of the-distribution
funetion—Common-Current numerical weather models are not capable of running simulations over thousands of years. This

paper presents a new it

simulation of widespread precipitation based on a linear theory describing orographic precipitation and additional functions
that consider synoptically driven rainfall and embedded convection in a simplified way. The model is initialized by various sta-
tistical distribution functions describing prevailing atmospheric conditions ;-such as wind vector, moisture content, or stability,
estimated from radiosonde observations for a limited sample of the-200-strongestrainfall-eventsobserved-—

observed heavy rainfall events. The model is applied for the stochastic simulation of heavy rainfall over the complex terrain of
Southwest Germany. It is shown that the model ;-despite-its-simphieity,-yields-provides reliable precipitation fields —BDifferences
despite its simplicity. The differences between observed and simulated rainfall statistics are small, being in the order of only
4 10 % for return periods of up to 1,000 years.

1 Introduction

Pemstei%pfeerpffaﬂePrSevere luvial flood events resulting from persistent rainfall over large areas and-theresulting-widespread

er-has the potential to cause high economic losses of sev-
eral billion Eure—euros (EUR) per-eventin central Europe. In Germany, the two extreme floods n—of 2002 and 2013 with

estimated return periods of more than 200 years (Schroter et al., 2015) eoleetively-eausedresulted in losses of more than EUR
22 billion in-economietosses—(inflation adjusted to 2017; MunichRe, 2017). Beside-these-In addition to these rare extreme
events, smallerfloods-with-higherfrequeneiesless severe floods with shorter return periods, such as these-in 2005, 2006, 2010,

and 2011 (Uhlemann et al., 2010; Kienzler et al., 2015), also contribute significantly to the large damage-potential-associated
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average annual losses from floods of EUR 1.1 billion in Germany in the last 30 years (MunichRe, 2017). Flood risk esti-
mation, for example, for insurance purposes or for the design of appropriate flood mitigation-protection systems, requires the

dependable-statistical-analysis-of-extreme-comprehensive statistical analyses of both runoff and rainfall. Traditionally, these
extremes-extremes associated with the latter have been estimated at point stations from intensity-duration-frequency (IDF)
with extreme value statistics being applied (Koutsoyiannis et al., 1998). This method, however, implies two drawbaeksmajor
difficulties: (i) the low spatialrepresentativeness-density of point observations and their limited representativeness in particular
over complex terrain, and (ii) the limited observation period se-with the consequence that not all possible extreme configura-
tions enter the samples.

To account for the former shorteoming;-either-issue, geostatistical interpolation routines, such as kriging (Goovaerts, 2000),

or techniques tha elate—preeipitation—to—both—oeregraph haracte and-——atmosphe

representativeness—of station—data—with-respeetto-thesturroundings;relating precipitation and the-neglect-of-dynamicat-and
thermodynamical—processes—decisive—for—real—precipitation—events—orographic _or _atmospheric__characteristics
(6.2, Basist et al., 1994; Drogue et al., 2002) have been applied. Recently, Marra et al. (2017) showed that IDFs can be reliably
estimated from remote sensing data, such as weather radars, with high spatial coverage. However, the conversion from radar
reflectivity to rain intensity leads to high uncertainty mainly because of the unknown drop size distribution in combination with
the radar reflectivity being proportional to the drop diameter in the sixth power. Comparing IDFs obtained from radar data with
point observations on a local scale, Peleg et al. (2018) found that the spatial IDFs tend to underestimate rainfall intensity for
short return periods, and that the natural variability of extreme rainfall increases the uncertainties of the IDFs for longer return

periods and larger areas.
To account for the limited observation period, several studies have employed stochastic weather generators to simulate

ST 5 ryy

precipitation events at single grid points (e. g., Richardson, 1981; Furrer and Katz, 2007; Neykov et al., 2014). A recent study
by Cross et al. (2017), for example, introduced a censored rainfall modeling approach designed to reduce the underestimation
of extremes. Albeit considering the long-term variability of precipitation, which leads to more reliable estimates for extremes,

these approaches still lack spatial representativeness.

robust estimates of precipitation extremes with high return periods, for example, for a one-in-200-year event, require a large
sample size of several thousands of events. Current numerical weather prediction (NWP) models, though having a high spatial
resolution of several kilometers, are not able to simulate thousands of events due to their complexity and the resulting long
The-eore-of-ourIn this study we present a two-dimensional stochastic precipitation model (SPM2Dis-the-diagnostie tinear

h Brecip on ordine—to-Smith-and-PR d 004D —The-mode onside advmam n
o B 00 \
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ity)., which was designed for the stochastic simulation of
a very large number of precipitation fields in high spatial resolution. Precipitation associated with different processes such as
orographically-induced wave dynamics, meisture seating hei ipi St large-scale
lifting, or embedded convection is described by simplified parameterizations and combined linearly. Inclusion of several
physically based tuning parameters of the model helps to keep track to precipitation patterns of real events. The model relies
on several input parameters such as wind speed and direction, static stability, or moisture obtained from radiosoundings.

doing so, the input parameters have to keep constant over the whole investigation area and for time period of the soundings
usually 12 hours. For the stochastic simulations, these input parameters are varied randomly based on appropriate probabilit

density functions (pdfs) derived from a representative sample of historical heavy rainfall events. Because precipitation regimes

in summer and winter vary significantly, we seasonally differentiate our analyses. The SPM2D is one component of a novel
risk assessment method to quantify the probable maximum loss for a 200-year event (PML200) by considering simultaneous

flooding along the main river networks. This paper, however, discusses only on the precipitation /hazard component.

The paper is structured as follows: Section 2 introduces the basic concept of the free-parameters-yield-trustworthyresalts—1In

Section 3 briefly describes the data sets used in this study. Section 4 presents the results of the calibration based on a set
of 200 representative historical heavy rainfall events and examines sensitivities of the model depending on varying ambient

conditions. Section 3 shows some characteristics of the selected events. Results of the stochastic simulations are discussed in

Section 6, and Section 7 lists some conclusions. Further information are given in a short appendix and supplementary material.

Trthe-presentstady,we-applied-the-

2 Stochastic Precipitation Model
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model is designed for the simulation of widespread, pluvial precipitation over complex terrain such as low mountain ranges
a typical feature of European topography. The investigation area for this study is the Federal State of Baden-Wiirttemberg

(BW) in Southwest Germany ;—which-extendsfrom-46:6-to-50-8°N-and-from-6-9-te1H-1>E-(Fig. 1). The terrain exhibits a
certain degree of complexity +-with the broad Rhine Valley with elevations of 100-200 m bounded by the Vosges Mountains
(France) to the west and the Black Forest mountains to the east;-. The highest peak is the Feldberg with a maximum elevation
of 1493 m (Feldbergyin-Southern Blaek Forest:-and-in southern Black Forest, To the northeast, the topography is more flat with
some rolling terrainte-the-northeast. Annual precipitation is-varies between 600 mm (southern Rhine Valley) and approximately

2000 mm (southern Black Forest).

3 Stochastie PrecipitationModel

As described in the following Sect. 2.2, orographic precipitation is computed in Fourier space, and therefore, the model domain
has to be symmetric with 2" (n is a positive integer). In this study we used a 512x512 grid with a resolution of 1 km?, Also
note that the assumption of horizontal homogeneous conditions, which is a prerequisite for the orographic model, limit the

overall size of the model domain.

After a description of the model components (Sect. 2.1 — 2.3), some necessary preparations and an overview of the general
simulation procedure are presented in Sect, 2.4.

2.1 General description

D

total precipitation Ry from the linear superposition of four preeesses-and-termsterms, each of them representing a specific

designed-for-widespread-preeipitationfrom-essentialty-stratiform-elouds;-Overall, the model SPM2D quantifies

Rtot = Roro + Roo + Rfront + Rconv . (1)

The first two components of Eq. (1) originate from the diagnostic linear model of orographic precipitation according to

Smith and Barstad (2004) and Barstad and Smith (2005), hereafter referred to as Smith-Barstad-Model (SBM). The first



component, R, .,esti

forinstanee-thosein-BW:, quantifies rain enhancement as a consequence of orographically induced lifting. Over complex terrain

and for high amounts of incoming water vapor flux (Kunz, 2011), this part dominates the other three in (Eq. 1). The next term

R, is the background precipitation related to synoptic-scale lifting. According to the w-equation, large-scale lifting-—These-two
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Figure 1. Topographic map of Southwestern Germany and surrounding areas with main river networks and lakes as well as substantial

orographic structures. The national borders (slim solid black contours) and the border of the Federal State of Baden-Wiirttemberg (bold solid

black contour) are shown as well as the model domain (red box), which extends from 46.6 to 50.8° N and from 6.9 to 11.1° E.
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preeipitation, preferably occurring downstream of troughs (low pressure systems at higher levels), is the result of three different

mechanisms: positive vorticity advection increasing with height (or vice versa); maximum of diabatic phase transitions; and

maximum of warm air advection. Even though lifting results from the superposition of these three mechanisms, we do not split
Bo accordingly, as the single forcing terms cannot be estimated from vertical soundings used as input data in our approach

As the SBM does not reliably reproduce the observed spatial variability of precipitation also over flat terrain for physical
reasons (Kunz, 2011), we have implemented two additional components: Riyont to accountforpreeipitation-related to-synoptic

field, the latter can lead to enhanced totals on the local scale. Deep moist convection, however, is not considered as it is not
relevant for larger river floods. Note that both R, and Rss—are-simulated12-hourly(2-times-a-day)-while-Rpont andReonv

r-can attain negative values in descent
areas. Negative values of total precipitation Rio¢stms-up-aceording-, however, are physically not meaningful and are therefore
truncated away (i.e., Rio = max(Ryo.0) in Eq. €1). Ineasetsisreachedthe computation-goes-on-to-thenexteventuntil-ng

2.2 The Smith-Barstad Model (SBM

23 © hi s
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way to compute precipitation over complex terrain.

sounding-data—{see-Seect—3-2)isrequiredtorun—the-medel—1tIt has been successfully applied in various regions around
the world: e. g. several locations in the United States (Barstad and Smith, 2005), Iceland (Crochet et al., 2007), Southwest
Germany (Kunz, 2011), or Southern and Northern Norway (Caroletti and Barstad, 2010; Barstad and Caroletti, 2013).

2.2.1 Orographic precipitation

The SBM is based on the linear theory of three-dimensional (3D) linear-flow-aceording-to-Smith-(1980)-and-Smith-(1989)-

TFhus;—it—stratified, hydrostatic flow over mountains with uniform incoming horizontal wind speed and stabilit
Smith, 1980, 1989). It explicitly considers linear flow effects evolving over mountains, such as upstream-tilted gravity waves

or flow that goes around rather than over an obstacle in the case of low wind speed, high static stability, and/or large mountains
(i. e. small Froude numbers). It is assumed that saturated lifting produces condensed water that falls to the ground after a certain
time shift (Jiang and Smith, 2003). Thus, precipitation on the ground is directly related to the condensation rate.

One of the key components of the linear model is a pair of linear steady-state equations for the advection of vertically

integrated cloud water and hydrometeor density ;¢=—and-¢5-during characteristic time scales +

v-Vg. =S(xy)—%,

c

h
f:

A\ th -

S
S

where-F—and-r—are-time-seales-for-of cloud water conversion 7, and the fallout of hydrometeors 7; respectively. Both time
scales are mathematically analogous and are assumed to be constant in time and spaeealso in space for mesoscale domains.

When the time scales are set to zero, the maximum precipitation is almost one order of magnitude larger compared with-to a

configuration with, for example 7t = 7. = 1000 s (Kunz, 2011). Th&seu%ee—term%des&:be&ﬂae—mas&ﬂu%e#pfeaﬁﬁzm

A powerful method for the solution of the advection equations for cloud physics s Eq—2?)-and-(2?)together-with-the linear
theory-for-together with 3D flow is to apply a two-dimensional (2D) Fourier transform. In-Feurierspace;-the-precipitationrate
Ré/ﬁl—)—i&Preci itation at the ground is obtained via an inverse FFT given by the foHewing-transfer function:

iCyoh(k,1) .
ro(kz,ly) o' k) k] 2
Rorolki, ) // 1—imHy, 1—|—w7‘c)(1—|—iarf)SVV“’V‘N"W7 @

which connects the precipitation field in Fourier space %@Wto the orography, h(k, 1), both related to the

horizontal wavenumbers (k,[)- ~2) i is the imaginary unit, and Cy, = ps,, I'my ™" is the uplift sensitivity related to the
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condensation rate ps, . = paqv, where pq is the density of dry air, g, is the water vapor density, and I';;, and  are the moist
adiabatic and actual lapse rateSfespeefwe}yLMLafef respectively. The water vapor scale height H,, is the height-abeve-ground

absolute) height where the integrated water vapor densit
dropped to e~ ofits-ground-vatue—, and 0 = Uk + V[ is defined as the intrinsic frequency with the components U and V' of

the undisturbed horizontal wind vector thatis-assumed to be constant through time and space.
Whereas the nominator of Eq. (2) gives the dependency of precipitation on vertical motion and orography, the first bracket
of the denominator describes the retation-modification of the source term to-by airflow dynamics. The second and third terms

of the denominator consider the advection of hydrometeors during the characteristic time scales 7y (x = c; f)and-evaperation

in-the-, In case of descent —downstream of mountains, 7., may become negative leading to a reduction of total precipitation

in Eq. (1) in that area.
Vertieal-The vertical wavenumber m in Eq. (2) is given by the dispersion relation (Smith, 1980):

0.5
m(k,l) = %WH?) . (3)
In this formulation, m controls both the depth and tilt of forced ascent or descent. Because vertical lifting is assumed to be
saturated throughout the whole column, meaning that the lifted condensation level istoeated-(LCL) is directly at the ground, sat-
urated Brunt-Viisild frequency Ny, (e. g, Lalas and Einaudi, 1973) has to be considered instead of the dry one, Nq. Compared
with-unsaturated-flowto unsaturated conditions, saturated flow leads to a weakening of the amplitude of the gravity waves via

the reduction of static stabilityand-thus-to-a-flow-streaming-. In this case, the flow tend to go more directly over the-mountains-an
obstacle rather than around = Q

Durran and Klemp, 1982; Kunz and Wassermann, 2011). Even though the concept of saturated flow by simply considering

Ny, must be regarded as an approximation of the reality, it has been successfully applied by several authors studying flow

dynamlcs and pre01p1tat10n (Jiang and Smith, 2003; Smith and Barstad, 2004; Kunz and Wassermann, 2011).
ie-an i ion-Combining Eq. (2)

atmospheric parameters is required as input for R ... In this study, we used vertical profiles of temperature, moisture, and wind
from radiosoundings (see Sect. 3.2) for that purpose.
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2.2.2 Background precipitation

Under the assumption that the prevailing synoptic conditions during the 12 hours of model integration are approximately
horizontally homogeneous and stationary, also [T, becomes constant. To consider large-scale lifting in the SPM2D. we
estimate R, from observed rainfall totals (see Sect. 3.1) over a larger area with almost flat terrain, where Ry, as well as
evaporation associated with ascent are minimized to a large degree. To ensure proper estimation of o for the historic events,
we choose an area that covers most of the total investigation area, but excludes the Black Forest and the Prealpine region, where

recipitation totals are highest. In the selected region (Fig. 2, black box), large totals occur only rarely. Values of more than
20 mm per day, for example, exhibit an annual exceedance probability p of less than 0.5, Furthermore, as confirmed by Fig. 2,
the probability of rain totals in excess of 50 mm per day is more or less homogeneously distributed.

2.3 Modifications of the SBM

As further development, two types of modifications are applied to the SBM: adjustments to the existing orographic precipitation

using additional calibration parameters, and additional precipitation components originating from different physical processes.

50°

.. Urzburg

N
O
o

Stuttgart

=~

northern latitude

N
0]
o

7° 8° 9° 10°
eastern longitude

Figure 2. Probability of observed 24-hour rainfall totals greater than 50 mm expressed as the average days per year for Baden-Wiirttemberg;
the black box indicates the area, where background precipitation R is estimated.
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2.3.1 Adjustments to Roro

The original orographic precipitation equation of the SBM (2) is modified in SPM2D by adding three constant calibration

arameters (bold symbols):

ifc, Cyoh(k,l) (k)
= Coro r ) ; - et e . 4
Roro(@,) = Coro * fary (2,9) // —imHy)(1+io7.)(1+ioTy) ¢ dkdl “)

The uplift sensitivity factor Cy

~ W

the-original-Cwin-Eq—2)-is adjusted by a multiplier fcw, which reduces the sen51t1v1ty of the medelfortifting--SPM2D for

- Precipitation is reduced
s-the effect is weak-only weak for smooth

lifting and therefore, the precipitation rateis

the most for sharp height gradients, whereas 1 ¢ ¢
terrain (Fig. 3, red curve). The used-model-formutationformulation of SPM2D also allows for multiple ascents//descents of

a virtual air parcel without any ehange-changes in its water vapor content. Ae&m—H—y—waﬁe%vaper—rs—pzﬁHy—Femeved—The more
realistic partial removal of water vapor due to condensation during ascent is also
considered by implementing the additional function fc_, .

An additional parameter, fq4,y, is implemented in Eq. (4) to reduce evaporation in descent regions, where R, is-becomes

t=}

negative (Fig. 3, blue curve). The resulting underestimation of precipitation is found especially downstream of steeper moun-

T T T T T 200
I orography — orig. —fdry —fow Coro 1160
120 "o
80 €
2000 w0 £
=~ 1600 0 5
= o
E 1200 -40
o 800 -80
.C
© 400t -120
()]
c 0 -160
6° E 7°E 8°F 9°FE  10°E  11°E
Longitude

Figure 3. Different effects of the implemented internal free parameters fa,y (blue), fc,, (red) and coro (green) on the original orographic
precipitation part (black curve) for a west-to-east-west-to-east cross section through the model domain. The underlying orography is shown

in black.
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tains with greater descent (Kunz, 2011). Parameter—fr—aets-onty-at-The parameter fy,, < 1 only corrects grid points (z,y)
where Ry, < Orinrwhich—fary—<1—in-altothereases; otherwise fary = 1.

Finally, the last additional calibration parameter, c,.,, reduces orographic precipitation in the whole domain (Fig. 3, green
curve). It is a consequence of the assumption that the vertical lifting of an entire-air column with overall saturation produces
condensate and instantaneous fallout at any time, implying an overestimation of precipitable water. In reality, not all layers are
completely saturated, and water may also partly be stored by clouds. Parameter-The parameter c,., is implemented-similarky-to
Faryin-Eq—(4)-butis-assumed to be independent of any lifting processes and constant in time and for the whole domain. With

matical perspective, the two factors, fc,, and cor0, could collapse to one single parameter. Nevertheless, as mentioned above,

they describe modifications en-of different physical processes as-mentioned-in-the-section-abeve-and-henee-have-te-and must

therefore remain separate.

2.4 Backgroundpreecipitation

11
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2.4 Frontal-preeipitation

2.3.1 Frontal precipitation

Apart from large-scale lifting connected to low-pressure systems or waves in the flow patterns, precipitation is also substantially
enhanced by synoptic-scale weather fronts. Active fronts may increase precipitation considerably due to cross-frontal circu-
lations and lifting in the warm sector of a cyclone (e. g., Bergeron, 1937; Eliassen, 1962). Conversely, if a front affects only
parts of the investigation area (e.g., in case of a trailing front, where the flow is almost parallel to the frontal-alignmentisobars),
regions outside-the-sphere-ofinfluenee-may-not affected by the front experience much less or even no rain at all. Both effects
are considered by implementing-an-additional-quantity-a simplified parameterization Reont in Eq. (1):

Rfront = (Roro + Roo) . (Cfront - 1) s (5)

where cgrong serves as the-an enhancement or reduction factor of the overall precipitation. In this stmple-parameterization, Roro
is considered again because frontal precipitation is additionally enhanced by orography as shown, for example, by Browning
et al. (1975) or Houze and Hobbs (1982). Due to the additive superposition of all precipitation components in Eq. (1), we have

to subtract the original precipitation totals leading to a total multiplier of (¢front — 1).

In order to estimate ¢, from the observational data, we define this quantity as the relative difference between observations
O and output M of the SBM. This is expressed b
e —

Cront =0 M ©)

assuming that the differences originate primarily from frontal effects. For the quantification of ¢ we use spatial mean

values over the investigation area O and M for a training sample of historic heavy rain events (see Sect. 2.4.1).

The frontal enhancement factor is a function of space realized by a rectangular area esront{#54) Crrons (12, t), Where the orien-
tation of the yfront-parallel ¢-axis compared to the zonal-orientated y-axis is prescribed by the mean wind direction 3 (Fig. 4).
For each time step the maximum value of ¢y Is estimated using the corresponding pdf (c.f. Sect. 3.1). To avoid strong
gradients at the berder-areas-borders of the rectangular, we applied Gaussian-shaped smoothing-Aleng-the-z-dimension; Along
the front-normal n-axis, the spread is set to 8¢,,, where o, is the standard derivation of the normal distribution- 1; in the

t-direction, an-infinitesimaHength-is-considered-the front is infinitely extended (Fig. 4). As the minimum of cont 1S Zero, Revont
can also attain negative values, thus-leading to a weakening of total precipitation in-an-area-affected-ornot-affected-for areas

unaffected by a front. hn-erderto late-eronrfrom-the-observational-data;-we-define-this-quantity-as-the-relative-differenee
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Figure 4. Schematic of a Gaussian-shaped distribution of the frontal enhancement factor with a maximum of cfront = 2.6 and o, = 50 (upper
right corner) and its location in the model domain for a southwesterly wind direction (arrow). The blue lines indicate the boundaries of the

frontal zone.

2.3.1 Embedded Convection

Embedded convection mainly occurs when lifting is locally enhanced at mid- and upper tropospheric levels leading to a
decrease of thermal stability by the release of the-latent heat of condensation (e. g., Kirshbaum and Durran, 2004; Kirshbaum
and Smith, 2008; Cannon et al., 2012). Convection in general involves several complex processes that make-simulation-makes
reliable simulations a difficult task. Since our model is restricted to large-scale precipitation with the objective of quantifying
extremes in-terms-of areal precipitation solely, we treat embedded convection in a very simplified way by implementing several
rectangular cells as convective footprints similar to the approach ef-frontat-system-econstderationfor the fronts.

Because embedded convection is alse-parthy-mainly induced by orographic preeipitation-mechanismslifting, we implemented
a multiplicative factor to the precipitation fields related to both orographic and large-scale lifting, similar to the frontal part:

Rconv = Cconv * (Roro + Roo) ’ (7)

13
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Figure 5. Schematic of embedded convection implementation by using rectangular cells (blue). The orientation is defined by the wind

direction (arrow); each cell is assigned to an individual factor ccopy .

with the enhancement factor ccony.

Foreach-time-step-of-thestmutation-For each 24-hour simulation period, we choose a number of eonveetive-eellsrectangular
convective footprints, each with WWWldth W and length L, and distribute them randomly over the whole

The dimensions for each

pdfs
of historic footprints of deep moist convection (see Sect. 3.3). Furthermore, we restricted the two parameters to L > W

model domain (Fig. 5).
rectangle are estimated from the

and L,,,x =300km, or 300 grid points, respectively. As for the frontal systems, the wind direction defines the orientation
of the longer sides of the rectangles. For each eenveetive-eelfootprint, we choose £—W~L - W specific factors ccony With
Ceonv € {0;1}. As found, for example, by Fuhrer and Schir (2005) or Cannon et al. (2012), embedded convection can enhance
precipitation up to 200 %s-thus;, but only locally. Thus, the given range of c.ony is adequate. Within the single eeHsrectangles,
the spatial distribution of ¢, randomly varies between the given limits —Summing-up-all-cells-enables-the-existenee-of-mere
than-one eelt-per day-ata-speeifie-grid-pointto account for the high spatial variability of convective precipitation.

As embedded convection occurs several times a day and at several locations, we used a variable number of convective
footprints in the model. The complete convective precipitation field for each time step is spatially smoothed to avoid sharp

14
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gradients.
enhancement-in-the-case-of fronts;-we-use-For this, we applied a moving average with-a-span-of 10 grid points to preserve the

high spatial variability of convection. Sehematic-of the-convectionimplementation-with-reetangulareeHs-(blue)y—The-orientation

2.4 EventdefinitionPre-Preparations and statistieal-distribution-funetionsSimulation Procedure

2.4.1 Event definition and statistical distribution functions

Stochastic modeling of precipitation events with the SPM2D

{pdfsy-te-is based on appropriate pdfs of all input parameters required by the model. These pdfs are estimated from-using an
adequate set of representative past heavy rainfall events. Based-on-the-pdfs;—several-thousands-events—ecan-be-stochastically
generated-Because the characteristics of the ambient conditions and thus the precipitation regimes change throughout the year,
we seasonally differentiate the estimated pdfs ameng-spring-(MAMbetween spring (March-April-May, MAM from hereon),
summer (June-July-August, JJA), autumn (September-October-November, SON), and winter (December-January-February,
DJF).

In the first step, a sufficient and appropriate subset of relevant historic events has-beenidentified-An-eventhere-was identified.

Here, an event is defined as a period of one or more days with persisting-persistent precipitation above a certain threshold of

daily
amn-totals. An extension to multi-day events is reasonable to consider time delays in discharge response or flood waves traveling
along river networks (e. g., Duckstein et al., 1993; Uhlemann et al., 2010; Schroter et al., 2015).

We define the historic event set based-en-according to maximum areal precipitation. For this, we simply accumulate the
(equidistant) 24-hour rainfall totals Rpw of all grid points in BW-(the investigation area (BW; see Sect. 3.1). Following the
sorting of all values of Rpw in descending order, the strongest 200 values enter the sample (top200). As precipitation is
not limited to these (single) days but may be embedded in longer time periods, we define the threshold RRipyes for the event
definition. Estimating-For estimating Rinres, We consider “wet” days by using Rpw > 0 solely, and set Ripes to the 75 %
percentile of this sub-sample. A lower threshold leads to an over-interpretation of longer clusters, a higher one avoids multi-
day events.

Event precipitation starts on the first day that exceeds Ripnres- When areal means of consecutive days are also above Ripyes,
they are simply accumulated, yielding events of more than one day. The last day with R > Ryy,ycs before a period of at least
three days of non-exceedance defines the end of an event. Such a three-day period ensures statistical independence of the
events in accordance with the approach of Palutikov et al. (1999) for wind storms. Following Piper et al. (2016), we only
count “rain days” (Rew > Rinres) and neglect “skip days” (Rew < Rinres) in between the start-day /end-day period for event
duration estimation, which is a widely used approach (Wanner et al., 1997; Petrow et al., 2009). This approach avoids the

over-interpretation of longer clusters.
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Based-on-the-proceduredeseribed-abeveBased on this procedure, a defined precipitation event contains one or more days of

the top200 sample. For this event set, all required input parameters were extracted from sounding data and rainfall totals (see
Sect. 3).

In the next step, we identified the pdfs most appropriate for statistically describing each of the seven atmospheric input
parameters, event duration t.,, background precipitation R., and front factor cgont. In addition to 20 pdfs preset by the
MATLAB statistic toolbox (MATLAB, 2016), we considered the circular von-Mises distribution (Mardia and Zemroch, 1975)

for wind direction only. In

which pdfs are most suitable for the input variables in our case.

To find the pdf that best fits the data, we estimated the appropriate number of histogram classes according to Freedman and

Diaconis (1981), and we-caleulated-the-calculated bias, root mean square error (rmse) and Spearman correlation coefficient g,
(Spearman, 1904) as quality indicators (QIs). We also applied a x2-test aceording-to-Witks(2666)-(Wilks, 2006) as a QI. For
each QI, we ranked the pdfs in ascending order and added up the rank numbers for each pdf, receiving the best fit in terms of
the least QI-rank sum (QIRS). In the case of alikeness of two or more pdfs (about 10 % of all cases), we manually selected the

best one.

2.4.2  General Simulation Procedure

The presented SPM2D is an event-based model in the sense that a specified number ng of independent events with variable

duration ¢, is simulated. The general procedure is as follows (cf. Fig. 6): Starting with the iteration loop over ng events, the

season and duration t.y are set at first, The next step is the simulation of the four precipitation components according to Eq. (1);
because radiosoundings used as input data are available every 12 hours, Roy, and 2 are computed for the same period. In
contrast, Rywony and Reoyy are calculated only for 24 hours as they become apparent as footprints in daily totals. The resulting
total precipitation o has a temporal resolution of 24 hours. Despite the fact that the characteristic time scales may vary
from one situation to another, it is found that simulations using fixed values for the free parameters yield trustworthy results

. o. Barstad and Smith, 2005; Kunz, . 6. The direct
link between the precipitation components and the corresponding input variables (described by appropriate pdfs) is also shown
in Fig. 6. In case ¢ < Loy, the next 24-hour period is simulated; otherwise, the loop jumps to the next event. A method how to
assign the ny events to a specific time period, which is required, for example, for insurance purposes, will be introduced in

Sect. 6.

2011). Here, we also use constant values illustrated as shaded box in Fi
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Figure 6. Flow chart of the individual components of the SPM2D (solid boxes) and the corresponding input variables (pdfs; dashed boxes).

Loops are highlighted as ellipsis or bold dashed arrows. The constant model parameters are illustrated as shaded box.

3 Data sets

The SPM2D presented in this study is based on two different types of data sets: gridded precipitation data te—estimate
background-preeipitation-and-to-also used to calibrate and verify the model, and vertical profiles from radiosondes to ini-

tialize the model. Furthermore, the SPM2D is also validated with-reanalysisdata-done-with-the-regiona mate-model-ofth

of 19512016-(hereinafterreferredto-as HP)—using reanalysis.

3.1 Rainfall totals

Rainfall statistics in our study are based on the
ydatasetregionalized precipitation (REGNIE) data provided by the German Weather Service (PeutseherWetterdienst-DWD).
REGNIE is a gridded data set of 24-hour totals (06 to 06 UTC) based on several thousand climate stations more or less evenly

distributed across Germany (so-called RR collective). The REGNIE algorithm interpolates the observations to a regular grid
of appreximately-1 km? considering elevation, exposition, and climatology (Rauthe et al., 2013). The REGNIE-domain-covers

QR0 o O N 4 NQRO N - lano
N U0 N 0 2

Despite of continuous changes in the lecations

and-number-of rain-gauges—Furthermoerenumber of stations considered and several station relocation, REGNIE is sufficientl
homogeneous for our purposes. However, areal precipitation exhibits a certain bias especially over elevated terrain, such as
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the BlackForest-mountains;-beeause-peaks of Black Forest, where the number of stations eensidered-by-theregionalizationis
i tonsis very limited (Kunz, 2011).
We-use-the REGNIE-datasetfor-the-definition-of-the-In our study, we use REGNIE data between 1951 and 2016 to identif’

the top200 data-s vent set (see previous section), to estimate the duration of
the events, the front factor cf.ont, and background precipitation as well as for the validation of the SPM2D simulation results.

RAAR AR

3.2 Radiosoundings

The seven input parameters

(see Sect. 2) —Fhese-parameters-are-computed-from-the-vertical-prefilestequired by the SPM2D model are derived from vertical
rofiles (00 and 12 UTC) of temperature, moisture, wind speed, and direction at the radiosounding station of Stuttgart (48-83°N

9:20°E)-located somewhat downstream of the northern Black Forestmountains. Even though the location might not be ideal
because the profiles do not represent undisturbed conditions, the profiles are similar to that-those of the upstream station of
Nancy in France as shown by Kunz (2011) for heavy rainfall events on average. Data from Nancy ;-hewever,-are available

after 1990 only and, thus, cannot be used in this study, whereas soundings from Stuttgart are available since 1957. We-uased-the

Sounding-data—were—The vertical profiles, provided by the Integrated Global Radiosonde Archive (IGRA) for—quality-
eeﬂ&eﬂed—fﬂdieseﬂde—aﬁd—pﬁet—baﬂeefrebsefvaﬁeﬂﬁfrom the National Climatic Data Center (Durre et al., 2006)—Fhese

57, were interpolated into

equidistant increments of Az =10 m (Mohr and Kunz, 201 3) All p&mmﬁef&deﬂ%d#mﬂﬁefemﬂmg&gmm

parameters refer to the lowest 5 km of the atmosphere since this layer is most relevant for air flow and stability. Furthermore,

to account for the decreasing impact of higher atmospheric layers on the flow characteristics, atl-the flow parameters A have

been-vertically-integrated-are integrated vertically (1~X) with-a-applying water vapor weighting being-applied-(Kunz, 2011):
f;;() AdeV dz

fzz;o Pdqv dz ’
where pq is the density of dry air and z=-5600z; is the upper integration limit, here of 5,000 m.

As some layers may be moist-unstable, resulting in imaginary N,,, the averaging routine is applied to N2. In the few cases,

A= ®)

where Nm was imaginary, it was set to a near-neutral, constant value of 0.0003 s—1

3.3 Parameters for Embedded Convection

h-streaks associated with embedded convection, namel
their length and width (L and W), rely on the statistics of severe convective storms estimated-byFhiek(2648)in Germany
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Fluck, 2018). In that study, convective storms in Germany, France, Belgium, and Luxembourg between 2005 and 2014 were
identified from the constant altitude plan position indicator (CAPPI) for a reﬂect1v1ty in excess of 55 dBZ;-alse-known-as-the

Masen-(197-eriterionfor-hail-deteetion. The application of a

tracking algorithm TRACE3D (Handwerker, 2002) yie}dfeﬂ%ﬁe%mek&eﬁeeﬂveeﬂveﬁtem%—{ﬂ%e%dl—mefefhaﬂ%@ldenuﬁed
more than 25,000

to-September)-in-theperiod-2004—20+4storm tracks. Even though we do not consider rainfall related to severe convective storms

or-haikin the SPM2D, the statistical distributions of the storm’s dimensions are reliable proxies for the extension of enhanced

precipitation from embedded convection described by Rcopy -

3.4 Numerical Weather Simulations

Stmulation—results—{rom—the-The SPM2D are—validated—with-rain—tetals—simulation results are additionally validated with
high-resolution reanalysis from the non-hydrostatic Consortium for Small-scale Modeling (COSMO) model in climate mode
(CCLM; Rockel et al., 2008). ECEM-srun-by-global-Laube (2018) performed a dynamical downscaling of ERA-40 reanalysis
from the European Center for Medium- Range Weather Forecasts @Gk%wﬁh%fese}&&eﬁef%%neheeﬂespeﬂds—{e

peffefmedﬂréryﬂamie&kdewmea}mgef—ERA-%% ECMWEF; Kallberg et al., 2004) to a horizontal resolution of 2.8 km for
Southern Germany using a threefold regional nesting (50, 7, to 2.8 km). High-resolution CCLM data is available for the period

1971-2000. For the evaluation, we considered the top200 REGNIE events, from which around 100 events occurred within the
period-where-CCEM-data-are-available-CCLM period including the top two and 7 (14) of the strongest 10 (20) events.

4 Calibration

4.1 Method

Based-on-the-eventset-of- The SPM2D is calibrated with the top200 ;-the-free-medel(ealibration)-parameters—+"-events

training data) by adjusting the free model parameters 7., fc.,, fdry and cor, are-assessed—All-other-parameters-required-by
the-SPM2DB-(cf. Sect. 2) are-qua : g o . . : .

Rirontyand comparing the simulation
results with observations. The parameter combination yielding the best simulation results are then used for the stochastic
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simulations (validation data). The components Ry and R.,n, rare-neglected—Without-these-components;-the-modelis-are
only considered for the stochastic event set and therefore neglected here. In this configuration, the SPM2D is equivalent to the
SBM plus our modifications in R, referred to as the-reduced-SPM2B-(+SPM)SBM+M.

In order to determine appropriate values of the free parameters, a large number of model simulations was carried outwith
the-+SPM. Whereas one parameter was successively varied, the others were kept constant. The selected ranges and increments

of the parameters listed in Table 1 resulted in 2,016 possible parameter combinations, giving a total number of approximately

390,000 simulation days for the top200 event set. F
q%ﬂﬂfymgb@ﬂ%bﬁmmBoth data sets (medel»eufpu{»f&,@vm and REGNIE) are sl1ghtly smoothed using a

running 5x5 grid box -

spatial uncertainty (c.f. Sect.3.1) especially around the crests of Black Forestwh&&ﬂ%«mambe&ef—%&&&e{wfwefy%w
REGNIE-data-cannotreproducelocal-peakrainfall-totals. Furthermore, as shown, for example, by Barstad and Smith (2005),

smoothed data yield more robust results when comparing model and observation data. Note, however, that larger values of +*

T, and smaller values of fc_ , respectively, likewise smooth the simulated precipitation fields. In these cases, the QIRS method

used for the evaluation (Sect. 2.4.1) has to be applied carefully.

il The model skill was evaluated using the skill
score S faccording to Taylor (2001) (see Eq. Al )-deseribed-by-TFaylor(200b-for-evatuating-elimate-models-in the Appendix)
to determine the best parameter-combination-of +SPM:-

4(147)

S= 2
(&/- - J—lf) (1+7o)

)

the-normalized-standard-deviation-with-combination of the free model parameter. S relies on the Spearman (1904 correlation
coefficient rg, between the SBM+M simulations and the observations (REGNIE) as well as on the standard deviations ef

Table 1. ?he—mmrm%mdmaﬂmuﬂ%&rgp\gﬁvalues —and-the-nerements—of the #

parameters used for the
model.

parameter | minimum | maximum | increment
Ty 800s 1500 100s
fow 0.5 1.0 0.1
fary 0.4 1.0 0.1
Coro 0.5 1.0 0.1
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Skill-g of both data sets. The skill score .S is computed for each simulation-day-day of top200 and each parameter combi-
nation. From all realizations, we select the parameter combination that yields the highest median value of S averaged over alt

top200events, as the SPM2D should be able to properly represent a broad range of different atmospheric conditions.
4.2 Calibration Results

Applying the method te-the-top200-events-as described above, the highest median-skillseore-of-value for S = 0.60 as the median
of all top200 events is obtained for the combination of +*=7, = 1400s, fc, =1.0, f4ry =0.4 and ¢y, = 0.8. For this combi-
nation, the median values of the other quality indices are rg, = 0.39, 6 = 0.98, bias = 6.30 mm, and rmse = 14.85 mm. The as-

sessed values-for-the formertwo-model-parameters-are-value for 7, is physicall

y plausible and comparable to other studies with
the helatte ol

the SBM, the values for those adjustments are also physically plausible. Note that the above-identified parameter combina-
tion yields the lowest errors only when averaging over all top200 events. Single events may-become-are more realistic with

another parameter combination, reflecting particularly the unknown, and thus not considered microphysical processes that are
decisive for precipitation formation and-strongly controlled by vertical wind speed, temperature, and moisture profiles. The de-
pendency of microphysical processes on ambient conditions, however, is not relevant when running the model in the stochastic
mode as is the objective in this study.

The sensitivity of the skill score S to changes in 7 , and ¢, (Fig. S1, supplements) shows a kind of dipole structure

in both cases with the highest values of S along the counter diagonal. Lower values for S are obtained for the shortest
longest) time scales in combination with the hi
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Figure 7. Areal mean precipitation (24-hour totals; median of the top200 event set) as a function of N,Q, v, U, B, and 7 perturbed by a

multiplicative factor (0.5 < var_mult < 2) and changed AS. The dotted lines indicate the values of the reference run.

This means that horizontal precipitation drift over short distances also reduces evaporation, leading to an overestimation of
orographic precipitation (and vice versa). This effect has to be considered by adjusting R,,,.

4.3 Sensitivity of simulated total precipitation

To demonstrate how variations of atmospheric conditions translate into precipitation, we conduct a sensitivity study with +SPM
SBM+M using the top200 event set by gradually changing the values of the input parameters. Following Kunz (2011), we
perturbed the values of N2, q,, U, 3, and Testimatedfrom-the-top200-events. This is done by multiplying the respective
quantity with var_mult increasing linearly from 0.5 to 2.0 in increments of 0.1. Wind direction 3 is varied in the range of
430° in increments of 5°. The calibration parameters are set to their optimum values estimated in the previous section. Besides
areal mean precipitation, we analyze-computed rmse and skill score S for the median ever-of the top200 event set.
Areal-mean-precipitation-aceumulated-over24-hours-Mean precipitation shows a high sensitivity to changes in water-vaper
eontent-q,, wind-speed-U and wind-direction-3 (Fig. 7). In all cases, precipitation increases (decreases) with increasing (de-
creasing) parameter-values. Lowest sensitivity occurs for 3 between £15° because of the orientation of the major orographic
structures (e-g:i.e., the Black Forest) from southwest to northeast. Westerly inflowsinflow, prevailing on average, still eceur

occurs for small variations of 5. For greater shifts (A8 >20° or AS < —20°), when the inflow angle becomes smaller, the
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sensitivity slightly increases. The changes in the wave regimes and, thus, the location of the updraft may also explain the partly

stepwise form of the curves for both 3 and U. The results for varyingstability-N2 and mierophysical-time seales— reveal
an opposite behavior ef-areal-mean—with an increase at-of precipitation for smaller values and vice versa. Furthermore, the

sensitivity of the model-SBM+M to changes of these two parameters is much weaker compared to the other parameters. Areal

Qualitatively a similar behavior of the model is found for the medians of rmse and skill score S (Fig. 2252). While areal
precipitation discussed-abeve-only provides insights how changes in the ambient parameters feedback into rainfall, rmse and
S also consider its-the spatial distribution. The results for rmse (Fig. 2252 a) again reveal the highest sensitivity of the +SPM
SBM+M to changes in ¢, and U. While for var_mult > 1 the sensitivity in terms of rmse is similar to areal precipitation, there

is a much higher sensitivity for valaes-below——var_mult < 1. In those cases, orographic precipitation is more detached to

the mountain crests resulting in higher totals due to reduced evaporation in the descent regions. Because of the combination of
higher totals at different locations, rmse show a higher sensitivity to changes of 7 and N2 compared to areal mean precipitation.
The skill score S, on the other hand, is most sensitive to changes in ¢, and 7 (Fig. 2252b). Regarding N2, S decreases

just for very high values of var_mult, while there is almost no sensitivity on the-wind-direction—3. In all cases, highest .S

o

is obtained for the original values of the input parameters(var—mat—= B=05+

4.4 Case Study

After the parameter adjustment, the +SPM-SBM+M tends to slightly underestimate orographic precipitation, whereas totals
over flat or rolling terrain are overestimated. This behavior can be seen for-instancein-the-example-for the case study of 31
May 2013 (Fig. 8), a heavy precipitation event that triggered the severe flooding in 2013 (Schroéter et al., 2015).

On that day, a pronounced low pressure system with its center over Croatia led to the sustained advection of moist airmasses
air masses from northerly directions around 20° in combination with synoptic-scale ascent. The Stuttgart sounding with-showed
low stability (N, =0.0055s~1), high precipitable water (pw = 24kgm~2), and high wind speed (U =20 ms~1), the-tatter
two-determining-the-herizontal-water—vaper—flux;—which is already an indication of high-precipitation—tetalsheavy rainfall.
Consequently, precipitation totals across the investigation area reached values between—10-and-+66-of 10-100 mm.

Overall, the +SPM-SBM+M is able to reproduce most of the structures of the observed rain field (Fig. 8)—Fhe-guality

indieesfor that-day-are-5—=, especially the location of the maxima. The observed mean for Baden-Wilrttemberg is Rops = 0-62;
#sp=33.1 8:30-6r=mm, whereas the simulated mean is R0 =37.3 6-75-biasmm, thus only 12.6 =% higher compared to the
observations. Maximum values are Ry obs = 444917 mm sand-rmseand By pod = =706.3 +4-82mm, respectively, which
The best agreement between-observed-and-simulated-preeipitation—fields-is found for the Northern Black Forest as well as

the Swabian Jura. Over the northern part of the model domain (north of 49° N) and southwest of Stuttgart, simulated rainfall

is substantially higher compared with REGNIE. By-In contrast, the +SPM-SBM+M simulates lower totals in the Southern
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Rhine Valley near and over the mountainous regions of the Southern Black Forest (around Freiburg), especially east of the

Basel-regioncity of Basel, where lee-side evaporation in the model dominates. The quality indices for that day are S =0.62
=0.30, 04y =0.75
One reason for the discrepancy between observed and simulated precipitation might be the iH-suited-suboptimal location of

r bias = 4.44 mm, and rmse = 14.82 mm.

3

the Stuttgart sounding used for the model initialization. The sensitivity study as described in Sect. 4.3 for this particular event

obtains the best results in terms of the lowest rmse (Fig. 9) for higher-stability(an increase of NI% Yyortonger-time-sealesor 7,
whereas in the case of water~vaper-density-q, or herizontal-wind-speed-U, the lowest rmse is obtained when decreasing the

original values.

Regarding-wind-direetion-Regarding /3, the lowest rmse is given for the original value.

The highest skill score S, conversely, is reached for increasing U and ¢, and decreasing 7 and N2. In the case of wind

direetion3, S continuously decreases from 0.8 in-the-for northwesterly inflow to 0.4 in-the-for northeasterly winds.

100

-, (2) REGNIE data (b) SBM+M output mm d’

Manrjhei Manrjheim ¥ §

49 N

48" N

7°E 8'E 9'E 10°E 11°E 7°E 8 E 9'E 10°E 11°E

Figure 8. Comparison of (a) REGNIE 24-hour rainfall totals, and (b) +SPM-SBM+M output for Southwest Germany, exemplary on 31 May,
2013. Note that REGNIE data are available for Germany only. The parametrization in (b) is ==, = 1400s, fc,, =1.0, fary =0.4, and

Coro = 0.8. The areas outside of Baden-Wiirttemberg are covered white for better visualization and comparison.
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5 Parameter estimation for-of the stochastic simulations

5.1 Adjustment of the distributionfunetionspdfs
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Figure 9. Changes of (a) rmse, and (b) skill score .S for perturbed values of N,f,, qv, U, 8, and 7, with a multiplicative factor (var_mult),

and changed AS, for 31 May, 2013. The dotted lines indicate the values of the reference run.
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After separating the historic event set into the four main seasons, we estimate for each of the 10 input parameters the pdf

that best fits the distribution of the observations (= s;-Table 2) by using the least QIRS

method (cf. Sect. 2.4.1). From the overall 21 pdfs that were considered, only 12 are-turned out to be suitable for adjusting
the observations. In most of the cases, the GEV-generalized extreme value distribution (GEV) with its special realizations
of Gumbel (GbD) and Weibull (WbD) distribution appears to be appropriate (26 distributionscases), followed by the inverse
Gaussian pdf(IGD) for five parameters and the Gamma pdf-distribution (GmD) for three parameters. Especially for flow
parameters derived from the soundings, the GEV appears to be the most appropriate (19 out of 28 cases). Infive-outof-40-cases
{~=12:5-%)we-We had to choose the pdf manually five times due to the alikeness of two pdfs according to the QIRS method.

The input parameters are considered as independent and uncorrelated. To justify this assumption, we perform-performed a

correlation analysis of all possible combinations of input parameters using the eerrelation-—coeffictent-of-Spearman{1904)—1In

totak-a-Spearman (1904) correlation coefficient. A low number of about 16 % of the parameters have a correlation coefficient
above £0.5, and only 4 % are highly correlated with +0.7. Regarding these cases, 90 % show negative correlations with

r < —0.5. However, there are distinct seasonal differencesforinstancewith-correlationsin-summer-but-almostno-correlation

in-winterregarding-the-same-variables—The-mest-frequent; in some cases correlations are higher in summer than in winter.
The highest correlation exists between the-saturated-Brunt-Viisiti-frequeney-N2 and the lapse ratess-and-Fr—Furthermore;

Table 2. Estimated best fitting pdfs for event duration (%ev), background precipitation R, and frontal enhancement factor cgront derived
from REGNIE data (top box); square of saturated Brunt-Viisili frequency N2, wind direction 3, horizontal wind speed U, water vapor

scale height H,,, actual lapse rate -, saturated moist adiabatic lapse rate I'1,, and condensation rate ps__, derived from sounding data (bottom

ref

box); for the pdf aconyms: see Table Al.

model parameter ‘ MAM ‘ JJA ‘ SON ‘ DIJF ‘

tov GEV | GEV | BSD | NkD
Reo WbD | WbD | WbD | WbD
Ctront LND | GmD | LND | ND
N2 GEV | GbD | GEV | GEV
GEV | GEV | GEV | SD
U HND | IGD | HND | GEV
v GEV | GEV | IGD | IGD
I'm GEV | IGD | IGD | GEV
H, GEV | GbD | GEV | LD
PSret WbD | GEV | WbD | WbD
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as-shewn-in-Seet—4+, which is plausible as both are based on the vertical temperature gradient. Because the SPM2D is less
sensitive to N2 (c.f. Sect.Fhus-assoctated-correlations-havetess-influenee; 4) the effect can be neglected in the model.

5.2 Event characteristics

s—The histogram of histerie-eventsthe duration ., for the top200 event set and the
corresponding best-fitting pdf¢, shown exemplary in Fig. 10)-shows-that-during-the-summer(HA), illustrated that during JJA, a
duration of two to three days dominates with a decreasing probability toward longer periods. a-the-winter-tBH)During DJF,
the distribution is generally shifted to longer events, whereas the probability for single-day events remains roughly unchanged.
The maximum of 15 days in DJF represents the longest duration of the top200 event set. Whereas the estimated pdf for the
summer-JJA (GEV) has a sharper maximum and a stronger decrease for ¢, > 3, the pdf found to best fit the duration in the
winter-DJF (NkD) shows a broader range of possible durations. Note that the histogram in the winter shows a large scattering
with irregular peaks, making an adjustment to-a-pdf-veryproblematieFor-spring-and-antumnof a pdf difficult. For MAM and
SON, the results are comparable to those of winter-and-summerDJF and JJA, respectively.

Concerning background-preeipitation-R, totals of 20-25mmd~! are found to most likely occur within a range of 3—
37mmd~" in winterDJF, 3-50mmd ! in summerJJA, and 0-50 mmd~—! during the other two seasons (not shown). For-att

The corresponding pdfs are listed in Table 2.

paf(Gmb)for-the-summer—At-parameter, all pdfs have their maximums-maximum around 0.7 to 0.8 with a range from 0.4

to 1.4 for most of the seasons (not shown). The gamma-distribution—in e e e e

distribution in SON (Table 2) descends slower towards higher values (maximum of around 1.6).

5.3 Atmospheric parameters

An overview of the range of al-parameters-the seven input parameters of the model is shown as box plots in Fig. 11; the
corresponding pdfs are listed in the bottom box of Table 2. In most cases, the atmosphere was slightly stably stratified as rep-

resented by positive values of N2 affecting the wave propagation. During sammetJJA,

the distribution is shifted toward negative values (=unstable; recall that negative values are set to N, =0.0003 s~!), whereas
in winterDJF, there are almost entirely positive values. Wind direction /3, decisive for the spatial distribution of precipitation
around the mountains, shows pronounced seasonal differences. More than 90 % of the top200 winter-DJF events have south-
westerly to northwesterly winds (240°-300°), with other directions hardly observed. The reason is that northerly flows are
usually associated with low temperatures and thus low humidity during the-winter-and-do-net-have-the-potential for-heavy
preeipitation—In-—summerDJF, In JJA, the wind direction that occurred most frequently is between 240° and 300° as well.

However, all other directions have been observed as well.
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Horizontal wind speed U in all cases and all seasons is high, especially during winterDJF, where reduced moisture is
compensated by high velocity to obtain substantial horizontal incoming moisture flow. Median values are 5 and 20ms~!
during summer-and-winter-JJA and DJF, respectively. Flow parameters related to humidity (H,, ps,.;
values in summer]JA, where I'y,, is reduced due to the release of latent heat. Observed-vertical-temperature—gradients-The

quantity v shew-shows similar medians and interquartile ranges with a broader distribution in winterDJF.

) conversely show higher

6 Stochastic event set and model validation

Overall, a total number of ng = 10,000 events (appfeﬁmmﬂ 500 days) have been simulated with the
SPM2D i i

stochastic mode (see Sect. 2.4.2). Therefore, a stochastic set of input variables with the same size as the number of simulation
days was created using the estimated pdfs, where the variables can be treated as independent (c.f. Sect. 5.1). For the validation

of the SPM2D, we quantified statistical vatues;-metrics such as return periods, probabilities, or-pereentiles-and-evatuate-and
ercentiles and evaluated them with observations (REGNIE), CCLM simulations and the +SPM-—results—Note-that-the-main

top200 events Baden-Wiirttemberg
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>
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Figure 10. Histogram of top200 event duration for Baden-Wiirttemberg according to REGNIE (bars), and estimated best fitting pdfs (dotted

lines) for the summer (blue) and the winter (red).
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refereneeis-the REGNIE SBM+M part. The statistical distribution of the stochastic event set of SPM2D should agree with that
of the top200 eventset-historic events to a large degree, and more robust results should be notable at the heavy tail (extreme
events). The comparison with the SBM+M part is helpful to highlight the quality and necessity of the modifications made to
the original SBM. High resolved CCLM simulations are chosen for validation to demonstrate the advantages of a statistical
approach for stochastics instead of a dynamical NWP model.

Spatial 24-hour mean values for-the-area—of Baden-Wiirttemberg-range between 1.2 and 79.7 mm in SPM2D, and 1.3 to
97.0 mm in tSPMSBM+M, whereas the maximum for top200 is only 49.6 mm. In total, 128 events (0.4 %) of SPM10k-SPM2D

or 724 (2.1 %) of +SPM10k-SBM+M yield higher spatial precipitation amounts than the maximum of top200. The CCLM

simulations range between 1.8 and 37.6 mm.
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Figure 11. Atmospheric parameters required as input for the SPM2D derived from radiosounding observations at Stuttgart for the top200
events with mean, interquartile distance, minimum, and maximum values; the left box-whisker of each pair represents the summer, the right

one represents the winter season. The units for each variable are given in the brackets below the variable names.
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Figure 12. Precipitation fields for the median of (a) the top200 (REGNIE) events, (b) the SBM+M part of the stochastic events, (c¢) the full
SPM2D stochastic event set , and (d) the CCLM simulations of the top REGNIE events.

Both median-and-the median and the 90th-percentile (p90) precipitation fields of the top200 events-and-the-SPM10k-event
set and the SPM2D agree well concerning the spatial distribution as-weH-as-and the precipitation amounts (Figs. 12 and 13).
Significant orographic structures-in-the-preeipitation-fields-precipitation enhancement over the Black Forest and Swabian Jura
are clearly visible in all data sets. Note that the more detailed structure of the REGNIE data results from the regionaliza-
tion method and its strong dependency on orographyand-, which should not be over-interpreted. Larger spatial differences
between the different realizations mainly appear in the nerthern-parts-of Baden-Wiirttemberg-(the-Northern Rhine Valley and
northeasternroling-hitls)-to the northeast of the domain for both the median and the p90field;-whereat-, whereas for the latter,
some differences also arise in-an-additional-area-northeast and southwest of Stuttgart. Nevertheless, all differences are small in

the order of a few percent. The +SPM-SBM+M shows an overestimation of precipitation espeeiatty-over mountainous terrain,
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Figure 13. Precipitation fields for the median-90th percentile (p90) of (a) the top200 (REGNIE) events, (b) the tSPMI0kSBM+M part of the
stochastic events, (c) the SPMH0k-full SPM2D stochastic event set, and (d) the CCLM simulations of the top REGNIE events.

whereas-while the CCLM simulates everatHess-preeipitation-less precipitation overall for the median. For the p90fietd, major
differences appear especially in-tow-tands—over the rolling terrain,

The areal rainfall of the SPMHOk-median-fietld-SPM2D median (Fig, 12) differs only about 3.3 % from the REGNIE top200,
whereas that of the rSPM1Ok-SBM+M is about 22.1 % higher. The spatial mean preeipitation-of the CCLM reanalysis is barely
around half of REGNIE, which might be a result of the reduced sample size. The maximum values at any grid point fer-of
the median field are about 7 % higher in the SPM10k-eompared-to-SPM2D compared to the REGNIE top200, and about 34 %
higher in the +SPM106kSBM+M realization, whereas the CCLM maximum istis about 44 % smaller.

The areal rainfall for the p90 field (Fig. 13) is about 6.5 % smaller in SPM1T0kSPM2D, and about 14 % higher in +SPM16k
SBM+M, but about 22 % smaller in CCLM. The maximum values at any grid point fer-of the p90 field is approximately 1 %

31



10

15

20

25

30

smaller in SPMHOKSPM2D, and about 22 % higher in £SPM10k-SBM+M and 13 % higher in CCLM. Precipitation-fieldsfor-the
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For other percentiles the differences between REGNIE and the SPM2D are very small for both the spatial mean values-and
the maximum precipitation at any grid point in the model domain —(Fig. S3 a). The differences become considerable only fer
above the 95th percentileand-above. The SPM2D tends to overestimate lower precipitation amounts because the minimum
values at any grid point are higher in the model than in the observations and invert for the 99th percentile only. In contrast,
the differences between the +SPM-SBM+M and REGNIE are considerably larger for maxima, minima and spatial means
throughout every percentile. The CCLM reanalysis has a negative deviation for minimum and spatial mean precipitation ia-at
all percentiles, whereas for the maximum values there is a marked underestimation for lower percentiles and an overestimation
at higher percentiles.

At small percentiles, erforsmal-precipitation-amounts;respeetively-the Qls, such as eerrelation-—coetficientr—skill-score
rsp, S, and-normalized-standard-deviation—or ¢, have low values due to the overestimation of the SPM2D (Fig. 22S3b).
The highest skill is reached around the 90th percentile with a slight decrease for higher values, which can be the result of
the increasing uncertainties of the observations. Nevertheless, a skill score of around or above 0.8 confirms the reliability of

the simula

To estimate precipitation distributions for specific return periods, we fit a Gumbel distributton—(Witks;2066)pdf to the
annual maximum series of both REGNIE and the-SPM16kSPM2D. As it is not possible to directly estimate the time period

and a corresponding annual maximum series for the stochastic event set, we count the number of stochastic values exceeding
the 99th percentile of observations 7., and normalize it by the probability of occurrence pgg, giving-yielding the new time
periodFspyr:
Tepr = 222 ©)
Pog
After sorting the SPMH6k-SPM2D realizations in descending order, we take the first np = Tspy values as the annual series
of the SPMH0k-SPM2D and estimate a new Gumbel distribution. Using these distributions, we obtain precipitation values for
specific return periods for both the-observations-and-the-SPMIOKREGNIE and SPM2D. This method is applied to both the
spatial mean values of different areas and for every single grid point.
For a 10-year return period, the SPM10k-SPM2D shows only small deviations—from-differences to REGNIE of less than
=+ 10 % over almost the entire areae & i tmation1

only in a small region in the southern Black Forest precipitation is higher (Fig. 14 a). The areal mean difference is only 0.6 %.
In the case of T' = 200 yrs-years (Fig. 14 b), the slight overestimation in the Seuthern-BlackForestremains-with-southern Black
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Figure 14. Relative difference of the precipitation amounts for return periods of (a) a-return-period-ofI" = 10 years, and (b) T" = 200 years,
according to a Gumbel distribution fitted to the observations (top200) and the SPM+6k-SPM2D (see text for further explanation). The Neckar

catchment is shown as green contour.

Forest area remains almost the samerelative-diserepaney. For this return period, the SPMH6k-SPM2D tends to underestimate
precipitation, especially in the northern part of Baden-Wiirttemberg-BW and in the southeast around Lake Constance. Nev-
ertheless, the deviations-differences for most of the grid points are between & 20 %;-and-the-; areal mean difference is about
—10 %. Taking into account the strongly-inereasing-uneertainties-of-the-observed-values-increasing statistical uncertainty for
higher return periods, espeetallyfor—>100—years;-this is still a reasonable result.

On the level of the major river catchments, the differences are small, too. For the Neckar catchment, for example (see

Fig. 14), which covers about 38 % of Baden-WiirttembergBW, the spatial mean deviation is about -0.5 % in-the-ease-offor
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T = 10 yrs-years and —12.7 % for the 200-year return period. Even for the-catchments containing the area of overestimation
in the Southern Black Forest(Y

the spatial mean deviations are between +1 and +4 % for T' = 10 yrs-years and between -2 and —10 % for T" = 200 yrs-years
respectively.
Single grid point deviations and the ensuing spatial mean values as described above are sensitive to local conditions and

uncertainties in both REGNIE and SPM10k-dataSPM2D. Hence, we evaluate the model in a similar way by calculatlng the

spatial mean precipitation first and then fitti

estimate the corresponding return periods (see Appendix A3). Agam the difference between the-simulated-and-observed
SPM2D and REGNIE is small for

entire BW, with slightly lower values from the simulations (Fig. 15-a). The distribution of the SPM10k-SPM2D is very close

and almost parallel to the estimated observed Gumbel distribution and within the 95 % confidence interval (CI95) estimated
with the formula of Maity (2018). Considerable differences between the SPM16k-SPM2D and REGNIE arise only for return
periods of 7=16667 = 1,000 yrs-and-aboveyears and above, but are still small. For the Neckar catchment, the simulation
results-agree-SPM2D agrees well with the observed distribution for return periods up to approximately-300-1 = 300 years
(Fig. 15b). For higher return periods, the differences increase, but are still inside the CI95. Similar results can be found for

other river catchments —N

mc—rea%e%—%tgmﬁe&ﬁ&y;@gtvéggvvvgw

7 Summary and Conclusions

We have presented a novel method for estimating the statistics of tetal-heavy rainfall based on a stochastic model approach
{SPM2D>. Total precipitation at-each-grid-point-is calculated from the linear superposition of four different parts: orographic
precipitation, synoptic background precipitation, frontal precipitation and precipitation from convection embedded into mainly
stratiform clouds. The linear theory of orographic precipitation according to Smith and Barstad (2004), which represents the
core of the SPM2D, has been modified using three different calibration parameters to minimize the weaknesses found in
previous studies such as the overestimation of wave dynamics and, thus, resulting precipitation and evaporation (e. g., Barstad
and Smith, 2005; Kunz, 2011). For cross-validation, we calibrated and adjusted the SPM2D to a historic event set of heavy
rainfall events (top200; training data). By adjusting appropriate probability-density-funetions<(pdfs-)-pdfs for all required model
parameters, we simulated 10,000 independent stochastic precipitation events (validation data). The results were compared with

observations and reanalysis data using different percentiles and return periods.
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Figure 15. Daily rainfall totals (areal meanmeans) as a function of return period 7" based on the annual maximum series of observations
(REGNIE, blue), the corresponding Gumbel distribution including the 95 % confidence intervals (black), and the annual SPM+0k-SPM2D
series (red) for (a) the Federal State of Baden-Wiirttemberg, and (b) the Neckar catchment.

The focus of the presented investigations was on the Federal State of Baden-Wiirttemberg in Southwest Germany with the

striking low-mountain ranges of Black Forest and Swabian Jura. The following main conclusions can be drawn:
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— The SPM2D has a high skill to simulate both historic and stochastic heavy rainfall events. The simulated spatial
distributions—precipitation fields and magnitudes are reliable despite the simplified approach of the model initialized
by a set of atmospheric variables obtained from radiosoundings. The differences between the SPM2D and REGNIE
are small with deviations of less than 10 %. Local differences, however, may also be-traced-backtouncertainties—in
REGNIEobservationsresult _from the regionalization procedure of REGNIE, mainly because of prevailing
inhomegeneities-in-the-spatial-distribution-the low density of rain gauges ;-espeeially-over mountainous terrain.

— The comparison of the SPM2D with the reduced——stochastie—model—+SPM—underlying linear approach of

Smith and Barstad (2004) demonstrates the need te-additionally-censiderpreeipitation-for adjustments to the orographic

recipitation formulation and for additionally precipitation parts related to frontal systems and embedded convection.
The SPM2D with simplified parameterizations for these parts even yields more reliable precipitation fields for a historic

event set compared to the sophisticated high-resolution NWP model CCLM.

— The solution of the model equations in Fourier space by an FFT allows for the simulation of a large number of events and

to run-operate the model in stochastic mode. Otherwise, the FFT restricts the model domain to a symmetric equidistant

and mesoscale extent,

— The extent of the model domain, furthermore, has to be limited to ensure the validity of the assumption of spatially

homogeneous distributed atmospheric conditions and synoptic forcing. This allows, for instance, for the usage of a

single vertical profile.

— The presented stochastic approach is easily applicable to other investigation areas. Atmospheric variables for the initial-
ization of the model can be estimated either from radiosoundings as within this study or using reanalysis or data from
NWP models. Therefore, it can be applied to any region of the world with similar precipitation characteristics even if

there is only a limited number of ground-based observations available.

As shown in our study, the SPM2D is sensitive to perturbations of ambient conditions. Therefore, high-quality input data,
especially of the atmospheric parameters, are essential. On the other hand, the sensitivities of precipitation and rmse to changing
input parameters is limited in a range of around 4164 10 % of the original values, which is usually within the range of
uncertainty. Using data of only one sounding station turned out to be sufficient to achieve reliable heavy rainfall fields. As
shown by (Kunz, 2011), the differences to another upstream sounding station (Nancy in France) are small, at least in the mean.
This, however, applies only for widespread precipitation with duratiens-duration over several hours to days, which is also the
focus of our study. Intermittent or even mainly convectively-driven events cannot be reliably reproduced by our model.

The input parameters can be considered as independent, as just a few cases revealed higher eorrelationcorrelations. The
sensitivity of the model for these parameters, however, turned out to be week. Additionally, the correlation coefficients between
the model input parameters vary among the seasons.

To transfer the method to another investigation area and future risk assessments, just a few steps are necessary: first a proper

sample of historical heavy rainfall events. In the next step, the statistics (pdfs) of the prevailing ambient conditions, background
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precipitation, and duration for the event set have to be calculated. Finally, the redueed-SPM-(+SPM)-non-stochastic part of the
SPM2D has to be calibrated by determining appropriate values for the free model tuning parameters.

The presented-output of SPM2D is a certain number of independent heavy precipitation events and not a continuous time
series. We have presented a method to convert this to a equivalent time period, which is mostly necessary for risk assessments,
by counting the number of days in SPM2D above a defined threshold and normalizing it by the corresponding probability of
the observations. Using this total time span it is possible to estimate the return period of every single event and a corresponding

new pdf. The time between two events is assumed as dry period.
The presented SPM2D is part of the project FLORIS (Flood Risk), which represents a novel risk assessment methodology for

an entire domain and not only for single catchments applied-usually considered in the insurance industry. Within the framework
of this project, the SPM2D was applied to other federal states in central Germany. The modeled precipitation fields are used
as input data for hydrological and hydraulic simulations, from which the flood risk can be estimated, for example for a one-
in-200-years event required according to the insurance regulation of Solvency II. However, the results of the SPM2D basically

can be used for several different applications such as water management or the design of flood protection measures.

8 Data availability

The REGNIE data used in this paper are freely available for research and can be requested at the DWD (doi:10.1127/0941-
2948/2013/0436); The sounding data are freely available from the Integrated Global Radiosonde Archive (https://www.ncdc.
noaa.gov/data-access/weather-balloon/integrated- global-radiosonde-archive). The required orographic data can be obtained
from http://srtm.csi.cgiar.org/ (doi:10.1080/13658810601169899).

Appendix A: Statistical quantities

A1l Probability Density Functions

We used the 20 probability density functions (pdfs) preset in the MATLAB statistical toolbox (MATLAB, 2016) plus the

circular von-Mises distribution for wind speed (Mardia and Zemroch, 1975). In total, 17 pdfs were suitable and tested and
compared with the observed distribution of each parameter for each of the four seasons (Table Al). Note that the Gumbel
(GbD) and Weibull (WbD) distributions are special cases of the generalized extreme value distribution (GEV) and that some
pdfs cannot be used due to their ranges.

A2 Skill Score

In this study we use the skill score S introduced by Taylor (2001):
4(147)

S= 2
((Aff+%) “(1+7ro)

(AD)

)
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Table Al. List of the tested and suitable pdfs preset in the MATLAB statistical toolbox (the short acronyms in brackets are for further

Inverse Gaussian (IGD) Stable (SD)

Log-Normal (LND

where 1 _is the correlation coefficient after Spearman (1904) between modeled and observed precipitation field. rq is_the
maximum attainable correlation, and 7 = 0ygq - 7oy, 5 the normalized standard deviation with the standard deviations of
the model (SBM+M) g,04 and observations (REGNIE) gops. For 6y — 1 and for r — 7q, . approaches unity, which is the
best result. Furthermore, Taylor (2001) provided no regulation for the estimation of ro. Therefore, we set rq to the maximum
calculated correlation coefficient of all simulations. As it is not guaranteed that this maximum is the actual maximum attainable

correlation, we increase rg by 10 %, yielding rq =0.93. According to Taylor (2001), the use of correlation and standard

deviation is more stable compared to rmse or bias.

A3 Return Periods

For the estimation of return periods, the annual maximum series with length 7, of the data set is sorted in descending order.
Then, the return period 7}, of each element x;, of this series is given by 13, = T, -1k~ (z4) with the rank rk(z;) of element

2. The first element (highest value) of the annual series of, for example, 7,,,. = 100 yrs, has a return period of 77 = 100 yrs
the second of 75 = 50 yrs, and so on. For the visualization, the values of 7} were adjusted using the plotting position method
of Cunnane (1978).
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