Dear Editor,

We were glad to read the positive reviews and the interest shown in our research, and we are grateful
for the timely and useful reviews provided. Please find below the detailed response (blue font) to all
comments made by the reviewers, in accordance to our responses in the interactive discussion.

Following the comments made by the reviewers we rewrote some segments of the text as shown in the
two “track changes” texts below (one for the main text and the other for the supplementary) and
detailed here.

The manuscript and supplementary files were uploaded separately in their revised form.
Sincerely,

Moshe Armon, on behalf of all authors.



Anonymous Referee #1

General comments and manuscript summary: In the submitted manuscript, the authors use 24 years of
historical radar data to identify historical heavy precipitation events (HPEs) in Israel, based on various
threshold criteria. These 41 HPEs are then re-simulated using the WRF model at convection-permitting
resolution (1 km grid spacing). Following this, the manuscript is primarily focused on evaluating how
realistically the WRF model simulates the precipitation of the 41 HPEs, compared with what the radar
shows. In addition to that, the radar data are used to identify common characteristics of HPEs in the study
region.

The manuscript is primarily a model evaluation study of high-resolution WRF for eastern Mediterranean
HPEs, with some accompanying radar-based climatological analysis. From the scientific/technical
perspective, everything seems OK. My comments which follow in the next sections are thus of a technical
and minor nature, and the main question | need to answer here as a reviewer is if the paper presents
sufficiently “novel concepts, ideas, tools, or data” to justify publication in HESS?

We thank reviewer #1 for acknowledging our scientific and technical work. We hope that
our answers and revisions, in part proposed by reviewer #1, result in an improved
contribution that justify publication in HESS. The reviewer is highly appreciated for the time
and efforts dedicated for improving our manuscript. The additional references suggested by
the reviewer will (a) complete the literature review, and (b) further emphasise the advances
we made relative to the existing literature. In the revised manuscript we will address the
issues raised by the reviewer as detailed below.

The comments made by reviewer #1 helped us understand that we did not emphasise
enough the uniqueness of the high-resolution characterisation itself, and we therefore
explain it better in the revised manuscript (Lines 75-77). Long, high-resolution rainfall data
records (24 yr) are truly scarce, and we therefore think that this characterisation is
interesting even on its own. Currently, the characterisation is detailed in section 4.4. To
validate the model, each one of the pattern-related parameters we have characterised was
also checked using model simulations of the same events.

This manuscript is certainly not the first to evaluate if “the model description of rainfall during HPEs” in a
convection-permitting model (CPM) is “credible”, despite the claims of the authors (L62). There is even a
study investigating just that with WRF in the eastern Mediterranean (Zittis et al., 2017), which surprisingly
wasn’t cited. For other studies asking similar questions in other regions see, for example, Berthou et al.
(2018), Brisson et al. (2018), Chan et al. (2014), Chen et al. (2001), Hally et al. (2014), Kendon et al.
(2012), Lean et al. (2008); many more CPM evaluation studies can be found — both event-based and
climatological. This manuscript represents another contribution to this important topic. | think the
publication of the manuscript can be justified on the following grounds: (1) the authors’ event-based
approach incorporates an unusually high number of events, which is different to the most common
approaches of either continuous multi-year simulations (e.g. Ban et al., 2014) or just a handful of events
(e.g. Coppola et al., 2018); (2) the authors incorporate a nice range of temporal and spatial diagnostics
which are (to my knowledge) not prevalent in the extant CPM-evaluation literature, presumably because



of the rarity of such long radar archives (24 years) with high spatiotemporal resolution as used by the
authors; (3) CPM evaluation studies for this region of the world are not well represented in the literature.

We much appreciate the reviewer’s view about our contribution. It is true that we are not
the first to answer this question (“Is the model description of rainfall during HPEs credible?”
[Line 62]), and we have referred in the text to many of the previous studies of the topic, but,
to the best of our knowledge, we are the first to systematically do it for all the available HPEs
over a 24-year period. Furthermore, there is still much to contribute in this area (in our case,
we address specifically rainfall space-time patterns during all the available HPEs during a
period of 24 yr). We do understand that the wording we chose may be misleading, thus we
changed it in the revised manuscript, so it will not be read as if we are claiming to be the first
to answer this question (L65). We actually did not know the paper you have mentioned
(Zittis et al., 2017), and we are glad that you have referred us to it, since it presents a much
needed conclusion both about the WRF performance during extreme rainfall events in the
eastern Mediterranean and about the need for good precipitation data, even if based on a
more limited number (5) of HPEs. Thus, we referred to this paper in the revised manuscript
(L58-60).

Specific comments:

1. Structure of results. | wonder would the authors consider that it might make more sense to present
some of the results from the characterization of rainfall patterns section (54.2) at the start of the results
section, i.e. before model biases are presented? For example, Section 4.2.1 is based on observations
rather than model evaluation. It would seem more logical to me to first present the characteristics of the
observed HPEs to readers and then examine if these characteristics are reproduced by the model. Indeed,
in your abstract (L13-15) you present the manuscript contents in this order. However, this is for the
authors to decide!

We understand the reviewer’s point and we thought quite a lot on the best order of steps
- first HPEs characteristics from radar and then model skill to reproduce those
characteristics (as suggested by the reviewer) or first model skill and then HPEs
characteristics as manifested in observations (radar) and model. Our tendency towards the
latter approach is due to our understanding that radar observations are not perfect and have
their own limitations. Therefore, we prefer to present HPE characteristics from the two
sources and to emphasise both agreements and disagreements between them. This
comparison follows model skill assessment. We do however agree that some of the HPEs
characterisation can be moved to the first part of the results section, specifically those that
are not relying on pattern analysis, i.e., seasonality and relation between HPEs at different
durations (previously shown in Fig. 8 and 9). Therefore, we made some changes in the
structure of the results section: starting with general properties of HPEs (presently in
Section 4.1), then model skill (4.2-4.3), following by space-time HPEs characteristics



detected from observations and model (4.4). Accordingly, we made small modifications in
the introduction section. E.g., in the introduction (line 77) we replaced the word “Then” by
“Considering that our observations are based on radar data, they are certainly not perfect.
Therefore, we quantified and compared ...”

2. Title. It is not really apparent from the title of the manuscript that this is primarily a model evaluation
study. | expect your results will be of most interest to readers concerned with the quality of CPM
simulations, however | fear that due to the title the manuscript might be overlooked by readers searching
for such information and not reach the full audience it deserves. If it was my manuscript, I'd go for a title
along the lines of “Heavy precipitation in the eastern Mediterranean and its representation in a
convection-permitting model”. This is, of course, for the authors to decide!

We agree, but we do want to keep the “characterisation” part, from the reasons stated
above. We changed the title to:

“Radar-based characterisation of heavy precipitation in the eastern Mediterranean and its
representation in a convection-permitting model”.

3. Poorly simulated events. Of the 41 HPEs, you identify two which are simulated particularly poorly and
observe that these were characterised by short storm durations (L256-257) and were highly localized
(L500-501). You also suggest that the poor simulation may be due to a poorly represented moisture field
in the ERA-Interim lateral boundary conditions (L466-467). Have you checked this (if possible)? It would
be interesting to know if there was any trace of these precipitation events in (i) the ERA-Interim
precipitation fields, or (ii) the coarser resolution WRF domains. If the boundary and initial conditions are
inadequate, then there is of course no chance for WRF to well reproduce the event. But this doesn’t
mean that WRF itself is deficient or is incapable of simulating such events! Maybe WRF could simulate the
event using data assimilation techniques beyond the scope of this experiment, or with better boundary
conditions.

We agree with the suggestion. We presently show (in the supplementary materials) the
results of the coarsest WRF domain. This could possibly give an idea of both the WRF
simulated rain fields and of the ERA-Interim input. To have an impression of it, we attach
below a preliminary analysis of the rainfall for the first of these two events (event #5;
31/3/93-2/4/93), based on the WRF coarsest domain, to be compared with Fig 8. In contrast
to most of the simulated HPEs, in which rainfall was simulated quite well in the innermost
WRF domain, this event had almost no rainfall simulated in the inner domain. As the figure
below shows, rainfall was not produced by the WRF coarsest domain over the area where it
was observed (Fig 8), but rather a few hundred km from there - suggesting that the initial
conditions were insufficient to produce rainfall in vicinity of the observed one, regardless to
the spatial error of the small-scale (innermost) domain. As the reviewer states, it might have
been better simulated using data assimilation, or any other better boundary conditions.
However, both are beyond the scope of our manuscript.
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Figure: Rainfall in the coarsest WRF domain during HPE #5 (Table S1) and the approximate range of the
Shacham radar (Figure 1).

4. Expectations of CPMs.

My final substantive point is about what we should expect from convection-permitting models, i.e. should
we expect them to match radar on a pixel-by-pixel basis? And if they can’t do this, does it represent a
poor simulation? This is discussed in the introduction of Roberts (2008), where it is argued that the main
added value of higher-resolution precipitation forecasts should be seen in area averages —e.g. over a
catchment — rather than at specific point locations. | think it’s also important to remember that the
observed event is also just one possible realisation of the event and WRF will never have perfect initial
conditions. You correctly (L469-473) advocate the utility of ensemble simulations for HPEs in the
discussion, i.e. as a means of characterizing uncertainty. Similar information to the aforementioned could
potentially additionally be presented in the introduction or during the results, as the authors see fit.

The point raised by the reviewer is a crucial one that we want to stress out in the
manuscript, and it is actually one of the main points we examine in this manuscript. This is
the reason we utilise neighbourhood-based rainfall pattern measures (SAL, FSS), rather than
pixel-based indices of success (Fig. 7d, 7f, 9, 10 versus Fig 7e). Moreover, when we compare



rainfall patterns, we consider the centre-of-mass of precipitation, Depth-Area-Duration
(DAD) curves, and spatial and temporal autocorrelation curves, all of which are not based on
point observations. We will better stress this aspect in the revised manuscript. Specifically,
we added to the discussion (lines 493-496) the following: “The main added value of
convection-permitting models is seen in area averages, rather than over small-scale regions
(Roberts, 2008). Therefore, over large catchments (e.g., larger than a few hundred square
kilometres, as suggested by the minimal scale presented in Fig. 9), their forecasts are
expected to be relatively useful and accurate. Nonetheless, the use of a deterministic
convection-permitting model is still unsatisfactory for pinpointing the highest observed rain
accumulations...”.

5. Data availability. | think that Section 8 about data availability is inadequate. If someone wants to
reproduce your results, a bit more than the two non-specific web domains (L517-518) is needed. Is there
a specific web page or ftp server where the radar and rain gauge data can be downloaded? If so, please
provide the links. If not, then provide more information about how the data can be found. Additionally,
what about the WRF model simulations? Will (have) you upload(ed) them to an openaccess server? If so,
provide the download link. Or are they available by contacting the corresponding author? Finally, |
suggest uploading the WRF namelist.input as an asset when you are resubmitting the manuscript.

We agree with this comment, however not all of the data are owned by us or can be
publicly accessed. We added to the revised version of the manuscript the specific domain
from which one can download the rain gauge data (https://ims.data.gov.il/). These data are
not ours to give, however it is available through this data archive (unfortunately, only in
Hebrew). The radar data are also not ours to give. It was provided to us by “EMS-Mekorot
projects”. However, if needed, corrected and gauge-adjusted data (previously published in
(Marra and Morin, 2015)) could be given, in the form of images, through a personal
communication with the head of the Hydrometeorology lab in the Hebrew University of
Jerusalem, Prof. Efrat Morin (efrat. morin@mail.huji.ac.il).

The size of the simulation results is really big (~4.6 TB), so we prefer not to upload those
results to the web. We accept your suggestion, and we added the WRF namelist.input file to
the supplementary materials. Using the namelist and the ERA-Interim input files, one will be
able to fully reproduce our results.

6. Proof reading. There are a large number of minor grammar errors throughout the text, which are too
numerous to list. | therefore suggest a thorough proof reading prior to resubmission.

Accepted. We proof read the manuscript thoroughly.

Minor and technical comments:


https://ims.data.gov.il/
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- Section 3.2. Could you please also state (i) the number of vertical levels and height of the model top, (ii)
if shallow convection is parametrized in the inner nest, (iii) the interpolation method used, i.e. bilinear,
nearest-neighbour, conservative, etc. (i) and (ii) could also be added to table 1, if appropriate.

(i) The number of vertical levels is 68, as stated in Table 1 and the top of the model is at
25 hPa,, this information is now shown in the manuscript (L129-130) (ii) We use the WRF
Tiedtke scheme in the two outer domains (as stated in Table 1) that has a shallow cumulus
component, as detailed in (Tiedtke, 1989; Zhang et al., 2011). We detailed this part in the
text (L135-136), as it seems not to be clear from Table 1 only. (iii) The interpolation method
used is simply nearest-neighbour, and it is now stated clearly in the text (L133). Moreover,
as suggested, we intend to add the WRF namelist files, so all of the details of our simulations
will be clearer.

- Figure 1. It looks like the domain boundaries have been drawn by simply finding the domain corners and
drawing straight lines between them. The lower/upper boundaries of Lambert conformal domains
shouldn’t have constant latitudes. | think you need to extract the outermost rows/columns from WRF’s
XLONG and XLAT arrays and use these to plot your domain boundaries.

That's correct. The domains are not plotted with their exact extent. We have corrected
this in the revised Figure 1.

- Figure 2. | wonder would it make more sense to compute the %-bias? i.e. instead of bias = WRF/Radar,
use bias = 100.*(WRF — Radar)/Radar. With the current formulation the dry biases are lower bounded
whereas the wet biases are not upper bounded. With %-bias this would not be the case. | suppose it’s not
really that big of a deal. The authors can decide for themselves.

This was also mentioned by the other reviewers. We have changed the bias definition into
normalised difference (i.e. (WRF-radar)/radar) (Sect. 4.2, Fig. 6¢, 7c, 8c).
- Figure 2. Please add “a, b, ¢, d” labels to the panel plots, to match the text.

We accept this correction, probably intended for Figure 3, and we have applied it in the
revised version of the now-named Figure 6.
- L123: Note that it should be possible in WRF to just save precipitation at 10-minute intervals and other
variables at a lower frequency, to reduce storage space.

That’s correct. Still, after doing this (we actually saved few 2D variables, and not only the
precipitation field, however we did not save 3D fields every 10-min), because of the high
resolution, the results weigh on average ~112 GB per event.

- L128: I think the reference to “Sect 3.2” is wrong.



Right. This is now corrected to “Sect 3.3” and we added a reference to Table S1 as well
(L139).

- L170: The abbreviation “TP” isn’t defined anywhere

Correct. We have changed this abbreviation to the full synoptic class name (i.e. “Tropical
Plume”; L183 & L185).

- L396-398: It may prove difficult to identify which days to downscale from the GCMs, especially for
convective events. There are some papers recently suggesting methods for identifying the best days to
downscale (Chan et al., 2018; Meredith et al., 2018; Gdmez-Navarro et al., 2019).

This is true, and we now address it in L421-422.
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Anonymous Referee #2

The manuscript presents a study focusing on HPEs using weather radar data and convection-permitting
numerical simulations. Overall, it is an interesting study that merits publication. In particular, the
consideration of a long radar data time series is important, deviating from the common practice of
considering a few HPEs. Further, the methodology followed for evaluating model performance is
thorough, providing useful insights. | recommend publication subject to minor revisions summarised as
follows.

We highly appreciate the reviewer’s comments regarding our manuscript. We have
addressed all of the comments raised, as detailed below, in the revised version of the
manuscript.

Comments

1. Title: | believe that the title of the manuscript is a bit misleading. To my view, the authors focus more
on evaluating the WRF model at convection-permitting scales, than providing a study for the
characterisation of HPEs in the study region. Hence, | would suggest changing the title of the manuscript,
to better reflect the real subject of the presented study.

This idea was also raised by reviewer #1. We understand that we did not focus enough
attention to our presentation of HPEs’ characterisation, which is unique due to the high
resolution rainfall data and the relatively large number of events. We better emphasised this
part of the paper in the revised manuscript (L65). Moreover, to better present our paper, we
have substituted the previous title with the following one: “Radar-based characterisation of
heavy precipitation in the eastern Mediterranean and its representation in a convection-
permitting model”.

2. Sect. 4.1.2: Two poorly simulated events were identified and some reasoning is provided in the
Discussion, mainly focused on the quality of the large-scale driving reanalysis. Therefore, it would be
interesting to know if the authors did check the driving ERA-Interim data for these two events, and if so,
what can be concluded? Were it really an issue of bad boundary conditions? In addition, what were the
results obtained from the coarser resolution domains? Were they equally poor? Such an elaboration
would strengthen the authors’ claim about the poor model performance.

This is a good point, also raised by reviewer #1. To address it, we included some analyses
of the coarser domains in the WRF simulations. It is hard to tell for sure if the boundary
conditions are bad, because we do not have better data than the reanalysis, and comparison
of other reanalyses or data assimilation techniques are beyond the scope of this manuscript.
However, in contrast to most of the model simulations, in which rainfall was quite well
simulated, in these two HPEs the innermost domain exhibited almost no rain. At the coarsest
model domain, there is no rainfall simulated over the region, but rather only hundreds of km
from the observed rain (compare the figure below with Fig 8). Below is a preliminary
analysis of rainfall for one of the two events (event #5 in table S1).
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Figure: Rainfall in the coarsest WRF domain during HPE #5 (Table S1) and the approximate range of the
Shacham radar (Figure 1).

3. Section 4.2.1 could be moved up, before the presentation of the model evaluation, as it discusses
results based on observations.

We understand the reviewer’s point and we thought quite a lot on the right order - first HPEs
characteristics from radar and then model skill to reproduce those characteristics (as
suggested by the reviewer) or first model skill and then HPEs characteristics as manifested
in observations (radar) and model. Our tendency towards the latter approach is due to our
understanding that radar observations are not perfect and have their own limitations.
Therefore, we prefer to present HPEs characteristics from the two sources and to emphasise
both agreements and disagreements between them. This comparison follows model skill
assessment. We do however agree that some of the HPEs characterisation can be moved to
the first part of the result section, specifically those that are not relying on pattern analysis,
i.e,, seasonality and relation between HPEs at different durations (previously shown in Fig.
8 and 9). Therefore, we made some changes in the structure of the results section: starting



with general properties of HPEs (Sect. 4.1), then model skill (4.2-4.3), following by space-
time HPEs characteristics detected from observations and model (4.4).

4. Fig.3: Instead of presenting the WRF/RADAR ratio, the authors should consider presenting either the
bias (WRF-RADAR) or transform the ratio to %. This would facilitate the interpretation of evaluation
results.

Agreed. We have changed our bias definition into normalised difference (i.e. (WRF-
radar)/radar) (Sect. 4.2).
5. 1123: It would be useful to provide information on the interpolation method? Was it bilinear, bicubic?
The interpolation method we used is simply nearest-neighbour, and it is now stated
clearly (L133).
6. Quality of the figures needs improvement for readability.

Thank you for this comment. We reviewed our figures and made them clearer for the
revised manuscript. Moreover, we plan to upload the final figures in a vectorised format
(wherever possible), so that their quality in any case would be improved.

7. The manuscript text needs a thorough proof-reading for correcting numerous grammar and spelling
errors.

Accepted. We proof read the manuscript thoroughly.



Anonymous Referee #3
General comments:

The paper summarizes a comprehensive compilation of heavy precipitation events (HPEs) in the Eastern
Mediterranean (EM) based on high-resolution radar data and WRF simulations. This set of events can be
representative of the climatology in this area, and is used to quantify the spatio-temporal characteristics
of HPE, and the ability to numerically predict the patterns of HPEs. A collection of four diagnostics are
used to typify and contrast the radar-based and WRF spatio-temporal precipitation patterns. The events
are further classified according to the synoptic situation responsible for the HPEs: namely, Mediterranean
cyclone (MC) and active Red Sea trough (ARST). This topic is important as it serves as a benchmark for
using numerical weather prediction for flood forecasts, as well as for downscaling of future climate
projections. Overall, the presentation is very good, although some excessive text can still be made easier
to read, as | suggest in the following. Two major weaknesses of the results and their organization should
be fully addressed before the paper can be considered for publication, as detailed in the first two Specific
Comments below. Other specific comments should also be clarified.

We thank the reviewer for the comments provided, and for the time and efforts spent in
reviewing the manuscript. We have carefully addressed all of the comments and we believe
the revised manuscript will benefit from them.

Specific comments:

1. An important distinction is made between HPE under ARST and MC. However, the classification is not
maintained throughout the results, having in mind the double goal of the paper: (i) characterize HPE
patterns and (ii) evaluate WRF performance. In its current form, the classification is merely mentioned,
while referring to previous works on the different spatio-temporal patterns under MC/ARST, but this is
not directly shown here, with an exception of Fig. 11a-f. As mentioned in the text, HPE related to ARST is
harder for prediction because of the local characteristic convection which dominates the patterns. On the
other hand, HPE under MC is characterized by a cold front structure. To enhance the presentation of the
results in light of the MC/ARST classification, and to make the discussion and conclusions robust, | suggest
to (i) show the spatio-temporal patterns separately for each group (ii) compare the radar/WRF bias
between HPE-ARST and HPE-MC. The two aspects can be achieved by reorganization of the presentation
of the results, and showing figures such as Fig. 2, 3, 6, 7, 11g and 12 in light of the classification. By doing
this, it will be interesting to see if there are consistent differences in the model performance, and
substantiate the discussion in Lines 449-458.

We thank the reviewer for raising this point. We agree the distinction between ARST and
MC is important both for HPE pattern characterisation and for the ability to forecast the
events with a NWP model. Accordingly, we modified some of the figures, as detailed below,
to present this distinction, and further detailed it in the results section (L253, L328-330,
L342-345, and discussion sections (L419) and in the abstract (L16-17).

Previously Fig. 2 & 3 (presently Fig. 2 & 6): HPE identification is based on specific rainfall
thresholds that do not take the classification into account but rather the local quantiles (Sect
3.3). We do not think these thresholds should be defined with classification, since it will



reduce their robustness. In addition, the distinction between regions that are better
observed by the radar (Fig. 6) would not benefit from synoptic classification. Therefore,
synoptic distinction is not relevant for Figs. 2 and 6.

Previously Fig. 6 (presently Fig. 9): Although, in principle, the FSS median and range
shown in Fig. 9 for all HPEs can be computed for each synoptic type separately, it should be
noted that we deal with only 6 ARST-type HPEs, out of them, two are not well simulated.
Since we cannot provide a reliable statistic for ARST type we would not include in Fig. 9 the
distinction between the two types. We still, however, referred in the text to some general
differences, qualitatively identified, from FSS analysis of the individual HPEs for each type
(L328-330).

Previously Fig 7 (presently Fig. 10): We have added the synoptic distinction to the SAL
analysis presented in Fig. 10 and in the text discussing these results (L342-345).

Previously Fig. 10 (presently Fig. 4): We have added the synoptic distinction to the figure.

Fig. 11: The DAD analysis is already classified into the two types of synoptic circulation
patterns, however, to make a better distinction between rain-fields based on their duration
of accumulation and their source (radar-QPE / WRF), we extracted the median curves from
each one of the sub figures (a-f) and enlarged them in panel g. We feel that adding a synoptic
distinction to this panel, may attract the attention of the reader from the distinction between
durations and the source of the rainfall, which was the purpose of panel g.

Fig. 12: We have added the synoptic distinction to the figure and discuss its results (Sect.
4.4.2).

2. Two individual HPE events are shown in more detail. They are important to get a better grasp of the
patterns and the model/radar biases and the diagnostics used. It is, however, remaining unclear if the
reader should take these results as representative, and if so, of what. It is mentioned that HPE #1 is of MC
type, while HPE #5 is ARSTtype. Are they representative of the two types? Since both cases perform badly
in terms of the SAL diagnostic, why do you focus on them? As the message of the work is to demonstrate
the overall good performance of WRF, | find this confusing, and suggest to also illustrate the point with a
case where WRF performs representatively well. | suggest to clarify this issue by explaining the rationale
behind choosing to focus on these events. Further, it will make an easier reading to mark the chosen
events onto Figs. 6,7,10,11.

The two events shown previously in Figs. 4, 5 (Presently in Figs. 7, 8) are meant to
represent one well-simulated event (event #1, shown in Fig. 7) and one poorly-simulated
event (#5, Fig. 8). It seems there was a confusion with the two poorly simulated events (#5
and #20, Table S1) discussed later on, but this was not the intension; we have modified the
text to better clarify this point (see below). The two events shown in Figs. 7 and 8 are given
as an example to show what the model is able (Fig. 7) or unable (Fig. 8) to simulate, and they
also exemplify a typical MC and a typical ARST cases. It turns out that it is harder for the
model to represent the localised rainfall that often happens during ARSTs. The different
performance for the two cases is very clear from the SAL analysis (see figure below).
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Figure: SAL analysis of the 41 HPEs. MC-type of HPEs denoted with circles and ARST-type with triangles.

In light of your comment, we clarified in the revised manuscript the purpose of the closer
look at these two events (Section 4.3): “...localised rainfall. Figure 7 presents, as an example,
a well-simulated HPE case (event #1, Table S1). In addition, the distributions of rainfall
among pixels were generally well represented (Fig. 7d). At the same time, pixel-based
comparisons were deemed inappropriate for such an analysis, as shown in the scatter plot
(Fig. 7e). Most of the examined HPEs led to similar observations, with the exception of two
HPEs in which the WRF model clearly failed to represent the rainfall patterns. An example of
such a poor simulation is given in Fig. 8 (event #5, Table S1).”.

3. Table S1 and Fig. 8: How is HPE duration calculated, and what does it mean if an HPE has a 48-h
duration but no shorter durations (e.g., HPE #6)? This is confusing and should be clarified. Consequently,
the results in Fig. 8 are confusing, and it is not very clear to me what we can learn from this figure.



The term “event duration” in Fig. 5, Table S1 and possibly in other sections of the paper,
does not refer to the total duration of the event but rather to the duration according to which
it was selected as HPE. We defined HPEs, in Sect 3.3 by “the exceedance of local, quantile-
based thresholds over a sufficiently large area... For a set of durations between 1 and 72
hours we defined the threshold as the 99.5th quantile of the non-zero (i.e. >0.1 mm) hourly
amounts observed in each radar pixel... we classify as HPEs all time intervals during which
at least 1000 pixels (i.e., 1000 km2) exceeded their local threshold”. This is to say that, if
enough pixels in the radar archive exceeded their own threshold, for a given examined
duration, we defined this event as an HPE for this duration. Obviously, a given event can be
selected for several examined durations. Fig. 5 shows that it is hard to separate events
according to their duration, i.e. the duration for which rain intensity was exceeded the
threshold, because of the above overlapping. However, we see that it is not clear enough. We
will have clarified it in the text (L160-161), and moved Fig 5. Earlier (previously it was Fig.
8), to relate also to the details in Sect. 3.3.

4. Section 3.5.4 is difficult to understand, and the description of the 2D autocorrelation field, its ellipticity
and orientation in Lines 379-392 is not also not clear when not referring to a figure. Please enhance or
clarify these parts, possibly with an illustrative figure, such that the analysis can be standalone without
referring to the references.

We agree and make sure the description is clear enough by its own in the revised
manuscript. However, we do not want to add a lot of text to describe what was already
published (e.g., in Marra and Morin, 2018). Therefore, we added an explanatory figure to the
supplementary (SF1).

5. 1 suggest to move the spatio-temporal characteristics in Fig. 9 and 10 to earlier on in the text, even to
when presenting the list of events in Sec. 3.4. This seems more natural to understand the events
characteristics before assessing the model performance.

We agree that it seems more natural to talk about the characteristics of events before
presenting the model performance. However, our goal is to characterise HPEs and to
evaluate model capability in reproducing those characteristics. Therefore, we chose to
present the examined characteristics from both radar and model, and thus these analyses
come after model performance results. However, accounting for suggestions from all
reviewers, we would like the re-order the results section as follows:
a) General properties of HPEs (previously shown e.g., in Fig. 8 and 9), now in Sect 4.1
(and Figs. 3,4 and 5)

b) Model skill (previously Figs 3-7), now in Sect. 4.2-4.3 (and Figs. 6-10)

c) Comparison of characteristics between the radar-QPE and the model (previously Fig.
10-12), now in Sect. 4.4. (and Figs. 11-12).



Technical corrections:
1. Line 10: add ‘spatio-temporal’ before ‘patterns’, and elaborate on what you mean by ‘effects’.

Accepted. We have changed this sentence to “Spatiotemporal rainfall patterns govern the
hydrological, geomorphological and societal effects of HPEs”.

2. Line 78: replace ‘getting a’ by ‘receiving’.

Accepted.

3. Line 101: Add the coordinates of Ben-Gurion airport.

Agreed. We added “31.998N, 34.908E”.

4. Line 130: replace ‘Other’ by ‘Additional’.

OK.

5. Section 3.1: add more details about the radar such as: wavelength (The authors mentioned about the C
band), radar parameters (reflectivity, doppler, etc). What is the maximum range of the radar
observations? We see it very clearly in Fig. 1b, but number will further clarify.

We have added the radar wavelength (5.35 cm), its range (185 km), the fact that it is a
non-doppler radar, and that raw radar reflectivity data were translated to QPE using first a
fixed Z-R relationship, Z = 316 - R*® , and then into QPE by applying physically based
corrections and gauge-based adjustment procedures (see details in Marra and Morin(2015))
(L109-115).

6. Fig. 2: Are the white areas on the eastern side of the circle domain masked out according to the black
line in Fig. 3¢? If so, this should be mentioned.

Yes. OK, we have added this to the figure caption (L936).

7. Fig. 3: There is no legend of (a), (b), (c) and (d) as mentioned in the caption and text.

Thanks for noting this. We added the legend to the figure.
8. Figs. 3,4,5: a normalized difference (e.g., (WRF-radar)/radar) would make more sense than a ratio
WRF/radar, such that the red areas will not distract the attention from more important biases.

Accepted. We have changeed our definition for the bias to be a normalized difference (i.e.
((WRF-radar)/radar)) (Sect. 4.2).

9. Line 210: Section 3.5.3 please add a sentence to motivate the use of the DAD curve.



We agree that a motivation is needed. Therefore, section 3.5.3 starts with a motivation
sentence (“Areal rainfall amounts are crucial drivers of the hydrologic response and are
important for understanding rainfall structure and triggering mechanisms”). We think that
this text is enough for the aims of this manuscript.

10. Fig. 4e: replace the scatter plot by a density plot, to see the details inside the black area.

Accepted. We have replaced it.

11. Fig. 5: add the equivalent Fig. 4d-f to this case.

Panels d-fwere added to Fig. 4 to show that even in a well-simulated event, there is a large
disagreement on a pixel scale, while the general characteristics (considering all pixels, as in
the histogram, or a large neighbourhood, as in the FSS analysis) could still be well simulated.
Fig. 5, however, presents a poorly-simulated event and it is not much successful no matter in
what perspective we examine it. This is why we did not present further analyses of rainfall
patterns. We also think that due to the clarification made in response to the reviewer’s 2nd
comment this point is now clearer.

12. Line 165: the synoptic classification is based on semi-objective classification by Alpert (2004). This
classification is based on parameters such as T, P, U and V at 1000 hPa once per day based on NCEP-NCAR
reanalysis with coarse resolution 8A"U2.53 “ A"U" ° o . The model (WRF) was analyzed with six hourly
ERA-Interim reanalysis with 80km horizontal resolution. It is worth mentioning this.

Agreed. We have mentioned it (L177-178).
13. Line 266: greater than 99% of pixels’: do you mean to write ‘corresponding to less than 1% of the
pixels in this HPE'?

Yes. This was our intention, and we have edited the text accordingly (L318-319).

14. Line 278: which bias to you refer to in the square brackets?

It is the bias of the median (inter-event) amplitude score (from the SAL analysis).
However, we have explained this better in the revised text (L332).
15. Line 336: missing ‘a’ after ‘are’.

Correct. Thank you for noticing.
16. Line 437: remove ‘a’ before ‘catchments’.

Accepted.
17. Line 490: replace ‘weather’ by ‘numerical weather prediction’.



Accepted.
18. Fig. 11a-f: make the green and blue colors more distinguishable.

OK.
19. Fig. 12: would ‘temporal lag’ be more suitable than ‘temporal distance’?

[t is suitable, however we tried to follow the term used in Marra and Morin (2018) that
refer to time-distance.
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Abstract. Heavy precipitation events (HPEs) can lead to natural hazards (floods, debris flows) and contribute to water

resources. RainfalSpatiotemporal rainfall patterns govern HPEsthe hydrological, geomorphological and societal

effects of HPEs. Thus, a correct characterisation and prediction of rainfall patterns is crucial for coping with HPEsthese
events. Information from rain gauges is generally limited due to the sparseness of the networks, especially in the
presence of sharp climatic gradients. Forecasting HPEs depends on the ability of weather models to generate credible
rainfall patterns. This paper characterises rainfall patterns during HPEs based on high-resolution weather radar data
and evaluates the performance of a high-resolution, convection-permitting; Weather Research and Forecasting (WRF)
model in simulating these patterns. We identified 41 HPEs in the eastern Mediterranean from a 24-year radar record

using local thresholds based on quantiles for different durations, classified these events into two synoptic systems, and

we-ran model simulations ef these-events-for them. For most durations, HPESs near the coastline arewere characterised
by the highest rain intensities;; however, for short durations, the highest rain intensities eharacterisewere characterised
for the inland desert. During the rainy season, the rain field’s centre- of- mass efthe-rain-field-progresses from the sea
inland. Rainfall during HPEs is highly localised in both in-space (<10 km decorrelation distance) and-in time (<5 min).
WRF model simulations were accurate in generating the structure and location of the rain fields in 39 out of 41 HPEs.

However, they showed a positive bias with-respectrelative to the radar estimates and exhibited errors in the spatial

location of the heaviest precipitation. Our results indicate that convection-permitting model outputs can provide
reliable climatological analyses of heavy precipitation patterns; conversely, flood forecasting requires the use of

ensemble simulations to overcome the spatial location errors.

1 Introduction

Heavy precipitation events (HPEs) cause natural hazards such as flash, riverine, and urban floods, landslides and
debris flows; at-the-same-time-they also serve as a resource #nfor recharging ground- and surface--water reservoirs
(e.g., Bogaard and Greco, 2016; Borga et al., 2014; Borga and Morin, 2014; Doswell et al., 1996; Nasta et al., 2018;
Raveh-Rubin and Wernli, 2015; Samuels et al., 2009; Taylor et al., 2013; UN-Habitat, 2011). Diverse rainfall patterns
during HPEs cause different hydrological responses, thus an accurate representation of rainfall patterns during
HPEsthese events is crucial ato detecting and predicting climate- change--induced precipitation changes (Maraun et

al., 2010; Trenberth et al., 2003). In particular, understanding the specific interactions between rainstorms and
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catchments is critical in small watersheds, where accurate, high spatiotemporal resolution observations and forecasts
are required (e.g., Bloschl and Sivapalan, 1995; Cristiano et al., 2017). However, these data may not be available
through operational tools, such as rain gauge networks and coarse--scale weather models (e.g., commonly used, global
or even regional circulation models). High-resolution observation and HPE forecasts thus remain-thus a challenge
(Borga et al., 2011; Collier, 2007; Doswell et al., 1996).

Rain gauge data can be used to quantify general characteristics of HPEs (such as rain intensity and depth at-theon a
point scale), but; their density is generally insufficient to adequately represent the spatial gradients, particularly in the
case of sparsely gauged regions, short--duration events, and arid climates (Amponsah et al., 2018; Kidd et al., 2017;
Morin et al., 2009, 2019). This problem is enhanced in regions characterised by high climatic gradients such as the
eastern Mediterranean (EM) (El-Samra et al., 2017; Marra et al., 2017; Marra and Morin, 2015; Morin and Gabella,
2007; Rostkier-Edelstein et al., 2014). Thus, eharacterisinga characterisation of HPEs with high resolution in such
regions must be supported by other types of records. Remotely- sensed precipitation estimates, such as those acquired
from weather radars, provide the necessary spatiotemporal resolutions (e.g., 1 km, 5 min) and coverage (regional
scale), and have been shown to be useful for analysing specific events (e.g., Borga et al., 2007; Dayan et al., 2001;
Krichak et al., 2000; Smith et al., 2001). Where continuous radar records exist, they have been used in climatological
studies as well (Belachsen et al., 2017; Bliziaak et al., 2018; Peleg et al., 2012; Saltikoff et al., 2019; Smith et al.,
2012). However, climatological characterisations of rainfall patterns during HPEs are rare in the literature and often
based on rain gauge identification of HPEsthose events (Panziera et al., 2018; Thorndahl et al., 2014).
High-resolution numerical weather predictions-(NWWPs)prediction (NWP) models allow te-simulatesimulating and
forecastforecasting HPESs, and represent-anas added value-for, enable understanding their past and present patterns,

and predietinga prediction of possible future behaviours (Cassola et al., 2015; Deng et al., 2015; EI-Samra et al., 2017;
Kendon et al., 2014; Prein et al., 2015; Rostkier-Edelstein et al., 2014; Yang et al., 2014). In particular, convection-
permitting models are increasingly used in weather forecasts, climatological studies and event-based reanalyses (e.g.,
Ban et al., 2014; Fosser et al., 2014; Hahmann et al., 2010; Khodayar et al., 2016; Prein et al., 2015; Rostkier-edelstein
et al., 2015). Such models downscale global or regional NWP models, and aHow-to-directhyrepresentprovide a direct
representation of convective rainfall that, due to its high-_intensity and local characteristics, often plays a major role
in HPEs (e.g., Flaounas et al., 2018). Additionally,—theyIn addition, these models can provide 3B3-D fields of
otherwise unmeasurable meteorological variables, thus contributing to our understanding of the dynamics of HPEs.

Studies based on high-resolution NWP models commonly focus on specific cases;with-onhy-a-few-alse-examining-the

the-overalrainfall- pattern-in-comparisen-with. For example, Zittis et al. (2017) examined the performance of a high-
resolution NWP model during five HPEs in the EM, and identified large discrepancies between grid- and gauge-based

precipitation datasets, making it hard to validate the model. Only a few studies have examined the climatology of

model results, to either determine the atmospheric conditions that trigger HPEs, or understand the overall rainfall

pattern in comparison to observational records (e.g., Flaounas et al., 2019; Kendon et al., 2014; Khodayar et al., 2018).

Commonly, climate change studies based on high-resolution NWP models characterise the expected changes in



precipitation, focusing on rainfall intensity or frequency, or some derived index (e.g., Ban et al., 2014; Hochman et
al., 2018a; Schér et al., 2016; Westra et al., 2014).
A basic question, however, remains sranswered—sopen: To what degree is the model description of rainfall during

HPEs credible? Moreover, the model’s ability to reproduce rainfall patterns can differ among synoptic types. To

answer this question, both a realistic spatiotemporal representation of rainfall during HPEs and a large number of

observed HPEs, triggered by various synoptic systems, are necessary. In this paper, we present a successful step in

this direction based on a corrected and calibrated; 24-year—-long record of weather radar data recently developed for
the EM, and found to adequately represent extreme precipitation events (Marra and Morin, 2015). As an essential step
in understanding and quantifying rainfall-generating processes involved in HPEs, and as a basis for a future study that
inetudeswill include downscaling of climate change projections to understand changes in rainfall patterns, here we
aim here-to (ai) systematically characterise high-resolution rainfall patterns during HPEs in the hydroclimatically-
heterogeneous EM, and (bii) assess the capabilities of a regional convection-permitting weather model to simulate
these patterns. To do-sethis aim, we identified 4%all HPEs embedded in the radar record; (41 events), and simulated
them using a convection-permitting weather—researchWeather Research and foreeastingForecasting (WRF) model

(Skamarock et al., 2008). FhenThis long and consistent high-resolution dataset is unique, and is therefore interesting

both for examining HPE climatology, and as a basis for convection-permitting model evaluation. Considering that our

observations are based on radar data, they are certainly not perfect. Therefore, we quantified and compared several
rainfall characteristics;and-compared-simulatedrain-fields-to_from both radar estimates and simulated rainfall to
evaluate the model’s ability efthe-medelto reproduce the rainfall patterns_and to obtain climatological characteristics
of HPEs.

The paper is structured as follows: Section 2 describes the study region. The radar and the-weather model data are

explained in Sect. 3.1- and 3.2, respectively. ldentification and synoptic classification of HPES are presented in Sect.
3.3 and Seet-3.4, respectively. The methods used in evaluating model performance isare presented in Sect. 3.5. Section
4 presents the results of the evaluation and characterisation of rainfall patterns during HPEs. Section 5 provides a

discussion and a summary of the study, and Sect. 6 concludes.

2 Study region

This study focuses on the EM region, where Mediterranean climate (with parts of it getting-areceiving mean annual
precipitation >1000 mm year*) drops to hyperarid (<50 mm year) over a short distance (Goldreich, 2012) (Fig. 1).
Precipitation is dominated by rainfall, and occurs mainly between October and May, with summer months (June-—
September) being essentially dry (Kushnir et al., 2017). Most of this rainfall is associated tewith cold north-westerly
flows atin the rear part of Mediterranean Cyclones (MCs). These MCs pass above the warm water of the Mediterranean
Sea, absorbing moisture and precipitating it over the EM region (Alpert et al., 2004; Alpert and Shay-EL, 1994; Armon
et al., 2019; Saaroni et al., 2010; Ziv et al., 2015). High surface water temperature favours high--intensity rainfall and
floods, most commonly at the beginning of the rainy season and near the sea. WhileAs the MCs move inland and
towards the desert, a substantial amount of the moisture is lost, and rainfall occurrence and amounts are greatly reduced
(Enzel et al., 2008).




but-also-to-the-Active-Red-SeaTrough-(ARSTFIn this arid region, HPES are associated not only with MCs (Kahana et
al., 2002), but also with Active Red Sea Troughs (ARSTs) (Ashbel, 1938; Krichak et al., 1997; De Vries et al., 2013)
and, more rarely, tewith Tropical Plumes (Armon et al., 2018; Rubin et al., 2007; Tubi et al., 2017). Commonly,
rainfall during ARSTSs is of a spotty nature, eeuldcan reach far into the desert, and eeuld-havecan be of very high

intensitiesintensity (Armon et al., 2018; Sharon, 1972). Conversely, during Tropical Plumes, rainfall is widespread
and-can-simultaneoushy-cover, potentially covering most of the region simultaneously with moderate intensities. Desert
HPEs frequently result in large and sometimes devastating flash floods (e.g., Armon et al., 2018; Dayan and Morin,
2006; Farhan and Anbar, 2014; Kahana et al., 2002; Saaroni et al., 2014; Seager et al., 2014).

Projections for precipitation in the EM indicate a substantial decrease in annual rainfall amounts (Giorgi and Lionello,
2008); however, the importance of credible HPE simulations stems_from, among others, frem-opposing trends that
may appear between number and intensity of HPEs generated by different synoptic conditions (Alpert et al., 2002;
Hochman et al., 2018a, 2019; Marra et al., 2019); for example, based on Dead Sea sedimentoloegicsedimentological
data, it washas been suggested that when MCsMC frequency is reduced, i.e., there is a regional drought, the frequency
of HPEs generated by ARSTARSTSs may increase (Ahlborn et al., 2018).

3 Methodology and data

3.1 Weather radar data

The weather radar data used in this study consist of 24 hydrological years (September--August}), between 1990-—
1991 and 2013--2014, observed by the Electrical Mechanical Services (EMS/Shacham) non-Doppler C-band weather
radar; (5.35 cm), located at Ben- Gurion Airport (Fig. 1)—Radarl; 31.998°N, 34.908°E). Its effective range is ~185
km. Raw radar reflectivity data were translated to quantitative precipitation estimates (QPE)-were-produced QPES) by
initially using a fixed Z-R relationship (Z = 316 - R*®) and then applying physically based corrections and gauge-
based adjustment procedures (see details in Marra and Morin, 2015);-and-were-available. These produced QPEs at 1--
km?, ~5-min resolutions. Examining the radar QPE and comparing it with rain gauges at hourly and yearly resolution

yielded a root mean square error of 1.4--3.2 mm h and 13--220 mm yyear, respectively, and a bias of 0.8--1.1
(hourly) and 0.9--1.1 (yearly) (Marra and Morin, 2015). This archive washas been previously used for a series of
studies focusing on high--intensity precipitation, sueh-asincluding precipitation frequency analysis (Marra et al., 2017;
Marra and Morin, 2015), floods (Rinat et al., 2018; Zoccatelli et al., 2019), and characterisation of convective rain
cells (Belachsen et al., 2017; Peleg et al., 2018). FewA few issues potentially affecting the QPE should be mentioned.
The radar was turned off during the dry season and, for technical reasons, sometimes during the wet season; thus, a
few severe storms were missed and are not included in the archive. Fhere-is-aA long-term decline in the availability
and quality of the-radar data that-might have decreased the number of high--quality archived HPEs duringover the
years, mainly since 2010. Since we dedid not aim at-providingto provide a complete climatology, these aspects arewere
not expected to influence the results of the study. Due to technical reasons, the radar products were not always
available at their intended temporal resolution (~5 min) and longer gaps may exist between consecutive radar scans.
Gaps of <20 min between consecutive radar scans were linearly interpolated to recreate the 5-min resolution; gaps of

>20 min were treated as missing data. Due to the uneven spatial distribution of the rain gauges, adjustment procedures



may inadequately represent the south-easternmost areas covered by the radar, where the gauge network is the
sparsestmost sparse. Finally, due to overshooting of the radar beam, precipitation occurring east of the Dead Sea (Fig.
1) is generally underestimated.

3.2 WRF model configuration

The WRF model was configured using three; 1-way nested domains, atwith a 1:5 resolution ratio between them (Fig.
1):1) and 68 vertical levels (model top is at 25 hPa). The inner domain (554551551 x 551 pixels) iswas set at a 1
km? horizontal resolution, to be comparable with the radar data. To comply with the Courant-Friedrichs—Lewy

numerical stability criterion, model time steps atin the innermost domain arewere 4--8 secondss (Warner, 2011);
hewever. However, to spare computer storage, outputs were saved at 10--min intervals. When analysed, the WRF grid

was interpolated using nearest-neighbour interpolation from a Lambert projection grid to a similar-size-sized grid on

Transversea transverse Mercator projection, as in the radar archive. It is important to note that a 1 km? spatial
resolution enables te-explicitly reselveresolving convection, without the use of parametrisation (e.g., Prein et al.,
2015). Fhe-modekinput-data-are-sixThe two outer domains used the WRF Tiedtke scheme for the parametrisation of
convection (Tiedtke, 1989; Zhang et al., 2011a). The model input data were 6-hourly ERA-Interim reanalyses, at ~80

km horizontal resolution and with 60 vertical levels, including sea surface temperature, along with basic
meteorological parameters (Dee et al., 2011). The model was used to simulate the HPEs identified in the radar archive

(Sect 3.23; Table S1). Each simulation started 24 h prior to the beginning of the event, rounded down to the previous

6 h, and endedstopped with the HRE-ending_of the HPE, rounded up to the next 6 h. Therefore, the spin-up period of
each simulation iswas at least 24 h. OtherAdditional model settings, presented in Table 1, were selected because they

are considered suitable for convection-permitting simulations (e.g., Romine et al., 2013; Schwartz et al., 2015).

3.3 HRESHPE identification

HPEs have various definitions in different research fields and geographical regions. For example, climatologically,
HPEs are commonly associated tewith a specific time interval (i.e-., sub-daily to a number of consecutive days) during
which precipitation depth surpasses a threshold representing a predefined quantile (e.g., 95 or 99™), or a high, but
constant; intensity (e.g., 10, 20, or 50 mm day™) (e.g., Drobinski et al., 2014; Nuissier et al., 2011; Westra et al., 2014;
Zhang et al., 2011b). On the other hand, hydrological definitions usually focus on the resulting flood. In general, a
good definition of a HPE should also include the areal dimension, in-erder-to eensiderenable considering hydrological
and social impacts (Easterling et al., 2000).

Here we define HPEs by the exceedance of local, quantile-based thresholds over a sufficiently large area. The decision
to set local thresholds iswas due to the sharp climatic gradient characterising the study area. To decrease the
computational effertseffort and guarantee adequate temporal sampling, the HPE identification was based on a radar
database comprising the-hourly intervals infor which at least 60% of the expected radar scans are available (Marra et
al., 2017). For a set of durations between 1 and 72 heursh, we defined the threshold as the 99.5™" quantile of the non-
zero (i.e. >0.1 mm) hourly amounts observed in each radar pixel. Depending on duration and location, these are

equivalent to annual return periods of roughly 2--10 years (Fig. 2). To account for the spatial scale, we elassify-as



HPEsclassified all time intervals during which at least 1000 pixels (i.e., 1000 km?) exceededexceed their local
threshold_as HPEs. Jointly, these thresholds (99.5% for each pixel, and aggregation of 1000 pixels for an event) settle
the trade-off between having too many (or too few) events and accounting for HPEs that are too local (or only including
the most widespread rainstorms). These selected thresholds aHew-te-analyseenable analysing a reasonable number of

diverse HPEs, with some HPEs-being quite local and others more widespread. It should be noted that storms typically

last longer than the duration for which they are selected as HPEs. Moreover, the same storm can be identified as a

HPE for multiple durations.
The selection procedure yielded 76--98 individual events for each of the examined durations, summing &p-to 120

when overlaps between durations arewere included. Similar to Marra and Morin (2015), storms were separated by at
least 24 heursh with <100 pixels displaying rainfall of >0.1 mm. Since the ERA-Interim data are available en-aat 6--
h resolution, tee-shert-rainstorms that were too short (<12 h) were excluded from the analysis. Storms longer than 144
h were excluded to avoid major changes in sea surface temperature during events. In addition, events were discarded
manually when the radar data waswere abundantly contaminated by ground clutter due to anomalous propagation, or
in-easewhen other data--quality issues were observed. The final list of HPEs eensistsconsisted of 41 independent
events lasting on average 3.4+ + 1.6 days (Table S1).

For each of these events, a filter was used to remove pixels with residual ground clutter. Pixels in which the probability
of rain detection (POD, i.e., the fraction of time in which the pixel exceeds 0.1 mm h!) exceeds 10% and is larger
than 1.9 times the average POD of the surrounding area (25 x 25 km) were removed. The extent of the explored area

and of the ratio were chosen subjectively ehesen-after examining ranges between 1- and 3 (for the ratio) and 5- and

50 km (for the areal extent). Additional areas known to be persistently contaminated by ground echoes (from our
experience and earlier studies) were masked out manually (e.g., the circular area near the radar). Together, these

procedures excluded ~0.5% of the radar pixels.

3.4 Synoptic classification

We classified the HPEs into two classes representing the most common rainy synoptic circulation patterns prevailing
in the region: MC and ARST. To do so, we relyrelied on the semi-objective synoptic classification by Alpert et al.
(2004), based on daily (at 12 UTC) meteorological fields at the 1000 hPa pressure level-_from the NCEP/NCAR
reanalysis (2.5° spatial resolution). We classified a HPE as a MC if one of the following conditions occurred: (1)-the
majorityi) most of the days comprising the HPE were considered, according to Alpert et al. (2004), as days with either

a MC or a high-pressure system following a MC; (2ii) one of the days during the HPE was a MC and none of them
was an ARST. Similarly, we classified a HPE as an ARST if (4)-the-majerityi) most of its days were classified as
ARST according to Alpert et al. (2004), or (2ii) one of its days was an ARST and none of them was a MC. The
abovementioned FRTropical Plume synoptic pattern (Rubin et al., 2007; Tubi et al., 2017) is not a-part of our
classification because of theits low frequency and because they-deit does not appear in-a near sea level pressure
meteorological fields. Specifically, one HPE (#41; Table S1) was characterised, during its 5-day duration, first by the
prevalence of FRa Tropical Plume (Armon et al., 2018) and then by a MC; it was classified here as a MC. Despite the
simplification, these two classes werehave been recently shown to exhibit distinct characteristics of-the rainfall



intensity distribution (Marra et al., 2019). Indeed, 85% and 15% of HPEs were classified as MCs and ARSTSs,
respectively (Table S1), reasonably following the expected proportions of the two synoptic circulation patterns
(Goldreich et al., 2004; Saaroni et al., 2010).

3.5 Evaluation of simulated rain fields

Inaccurate initial conditions in the presence of non-linear precipitation—-generation processes, together with the
presence of atmospheric instabilities, may limit the atmospheric predictability and, consequently,-the modelling skills
(Anthes et al., 1985). Moreover, increasing the model resolution may pose difficulties in a pixel-by-pixel evaluation

of the forecasts (e.g., Davis et al., 2006; Mass et al., 2002). Approaches_that are more suitable for high-resolution

rainfall fields range from simple visual comparisons to more sophisticated, object-oriented or filtering methods
capable of representing spatiotemporal properties of the fields (e.g., Davis et al., 2006; Gilleland et al., 2009; Roberts
and Lean, 2008). In this study, we applied visual comparisons and several numerical measures for-cemparingto

compare the radar-observed radar QPE with the WRF-derived rain field.

3.5.1 Fractions skit-scoreSkill Score

To evaluate rainfall accumulation atfor different neighbourhood sizes (namely, spatial scales), we useused the method
suggested by Roberts and Lean (2008). The methodology includes a conversion of the continuous rain field to a binary
field based on the exceedance of a given rain--depth threshold. The fraction of model-output positive pixels (i.e-.,
pixels that have exceeded the threshold) within a certain neighbourhood size is then compared with the matching
fraction from the radar- QPE, through the fractiens-skill-seereFractions Skill Score (FSS) statistic (Supplementary
material [S1]). When the forecast is perfect and unbiased, i.e., when an equal number of observed (in our case, radar)
and forecasted (WRF) pixels exceed the threshold, the-FSS=_= 1. If there is a bias, the FSS weuldwill tend
asymptotically to a lower value. To quantitatively evaluate the model’s ability to predict the observed rainfall above
the selected threshold, within a close-enough distance, the uniform FSS (halfway between a random forecast and a
perfect skill forecast, yielding a hit rate of 0.5; [S1]) is also calculated. An FSS seerethat is larger than the uniform
FSS is considered skilful. It is important to note that if the FSS exceeds the uniform FSS aton too large a spatial scale
thatis-tee-large, the forecast might still be skilful, but it is not useful. We applied the FSS method to the cumulative
rain field, comparing the radar QREQPEs and WRF rainfall output (Sect. 4.1:13).

3.5.2 Structure—amplitude—location {SAL)-analysis

To evaluate the characteristics of the WRF precipitation forecastsforecast errors, we used the object-oriented structure-
—amplitude-—location (SAL) analysis (Wernli et al., 2008) (Supplementary material [S2]). As in the FSS analysis, it
was applied to the cumulative rain field. The SAL analysis splits the rain field into three distinct components and
yields a skill score for the forecast of each of them; in each of the components, a zero score indicates a perfect forecast.
The amplitude component (A) expresses the medelmodel’s over/underestimation of the total rainfall for a specific
rainstorm (with A € [—2,2], and A = 1 or A = —1 indicating over and underestimation by a factor of 3, respectively).

The location component (L € [0,2]) sums the differences between modelled and observed (ai) centre of mass of
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precipitation and (bii) average distance between the centre of mass and the location of precipitation objects that
constitute the rain field (i.e., connected regions in which the cumulative rainfall exceeds 1/15 of the maximal
cumulated value; Wernli et al., 2008). The structure component (S € [—2,2]) quantifies the tendency of the forecasted
precipitation objects to be either too smooth (positive values) or too noisy (negative values) with-respectrelative to the

observations.

3.5.3 Depth—area-—duration curves

Areal rainfall amounts are crucial drivers of the hydrelogichydrological response and are important for understanding
rainfall structure and triggering mechanisms (e.g., Armon et al., 2018; Durrans et al., 2002; Kalma and Franks, 2003;
Zepeda-Arce et al., 2000). To quantify and compare observed and simulated areal rainfall amounts, we used depth-—
area—duration (DAD) curves, which represent the areal extent infor which given rainfall depths over given durations

are exceeded (Zepeda-Arce et al., 2000).

3.5.4 Autocorrelation structure of rain fields

High-intensity, small-scale convective rain cells are among the main factors generating flash-_floods in small,
mountainous and desert catchments (e.g., Armon et al., 2018; Doswell et al., 1996; Merz and Bl6schl, 2003), and their
fine spatiotemporal structure directly affects the potential of rain-gauge monitoring (Marra and Morin, 2018). To
analyse the convective rain structure, we computed, from both the observed radar- QPE and-frem the WRF output,
the spatial autocorrelation structure of the maps containing convective elements using the methodology presented by
Marra and Morin (2018)-_(an example is given in supplementary Fig. 1 [SF1]). We interpolated the radar-QRE_QPEs
to 10-min time-intervals to match the medelmodel’s temporal resolution, and defined as convective rainfall fields all

the rain maps in which at least one convective rain cell, defined as a connected region >3 km? with rain intensity
exceeding 10 mm h* and including at least one pixel exceeding 25 mm h-, is observed (Marra and Morin, 2018). We
computed the 2-D spatial autocorrelation function of the convective fields following the method in Nerini et al. (2017).
A three-parameter exponential function (Eq. 1) was fitted to the 2-D spatial autocorrelation to quantify the correlation

distance:

c

r(h) = ae-(%) « {Formatted: Right, Line spacing: 1.5 lines

—(O

where h is the lag distance, b is the correlation distance (the distance inat which_the correlation drops to r = e~1), and
a and c are the nugget and shape parameters of the curve, respectively. Eg-Equation 1 results in an approximation of
the 1-D autocorrelation function of convective rain fields. Spatial heterogeneity of the efthe-autocorrelation field is
quantified by calculating the deviation of the 2-D autocorrelation field from isotropy, following the approach in Marra
and Morin (2018). To that end, we defined the ellipticity of the 2-D autocorrelation as the ratio of the minor to major
axis of the (approximated) ellipse encompassing the r = e~* region of the spatial autocorrelation field-_(Fig. SF1).

The temporal autocorrelation is computed_by converting the 2-D spatial domain to a 1-D array and adopting time as

the second dimension, as proposed by Marra and Morin (2018). It is worth noting that the computed temporal



correlation distance neglects advection (Eulerian perspective), and is therefore shorter than the correlation distance
one-would-obtainobtained in a Lagrangian perspective.

4. Results

4.1 MeodelskilQuasi-climatology of HPEs

observations-are-trueformestotthe-axaminedd L idenliflied HPES, with-the-exceplion-of-two-HPEs-inwhieh-the WRE
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35 occurred during MC synoptic prevalence and the rest during ARST prevalence. Despite the dependence of the

identification ef-HPEs-depended-on the quality and availability of the radar data-and-enty-41-HPEs-were-available
after-quality-checkthis, our analysis can be considered as—semi‘“‘quasi-climatological”, as the selected HPEs do not
exhibit obvious biases with respect to the rain climatology ef-HPEs:—(ayin the_region: (i) their seasonality is
folowingfollows the seasonal pattern of EM rainy days (Fig. 93), although HPEs occur more frequently duringat the
beginning of the winter, presumably due to the high sea surface temperatures; (bii) HPEs are identified throughout the
radar archive (with zero to seven HPEs per year); (¢iii) the frequency of the prevailing synoptic circulation patterns
during HPEs (Table S1) resembles the frequency observed duringon rainy days (Marra et al., 2019); and (div) HPEs
characterised by ARST prevalence are common only during the transition seasons (Fig. 93) (e.g., De Vries et al.,
2013).

For most durations, rain amounts defining the HPEs are larger near the Mediterranean coast, extending a few
kilometres off- and on-shore (Fig. 2). This resembles the observed pattern of high rain intensities near the coast, rather
than inland (Karklinsky and Morin, 2006; Peleg and Morin, 2012; Sharon and Kutiel, 1986), also reported for extreme
precipitation quantiles observed from both weather radar and satellite sensors (Marra et al., 2017). In contrast, short
durations (<12 h) exhibit the highest rain intensities in the arid portions of the region. The frequency of rain in the arid
areas is lower than in the rest of the region (Goldreich, 2012); thus, the 99.5% quantiles are based on fewer data.
YetNevertheless, the reported higher extreme rain amounts for shorter durations are in agreement with previous
studies, which showed that highly localised convective rainfall is more common during HPES in the desert than in
other elimateclimatic environments in the EM (Marra et al., 2017; Marra and Morin, 2015; Sharon, 1972). In the

mountains, the opposite case is the-eppesiteseen; rainfall is produced more significantly through stratiform (or shallow
convection) processes; and; therefore, rain amounts for short durations are relatively lower (Sharon and Kutiel, 1986).
For the longer durations, rain intensities in the mountains are comparable to the intensities near the coast, probably
resulting prebabhy-from the tendency of rain to persist in orography--affected regions (e.g., Panziera et al., 2015;
Tarolli et al., 2012).

Affected by higher rain intensities, the centre of mass of the precipitation field for al-each one of the HPEs is located

near the EM coastline (Fig. 64). Nevertheless, a seasonal pattern appears, with a general landward shift of the centre



of mass during the rainy season (Fig. £04). This is caused by land-—sea differential heating and heat capacities, and
resembles the seasonal pattern of rain intensities in the EM (Goldreich, 1994; Sharon and Kutiel, 1986). In fact, this
points out the observed preference of convective clouds to form above high-temperature surfaces, i.e., the sea surface
or nearby coastal plains in autumn or early winter, and farther inland in the spring. The exact location of the centre of
mass depends on the radar’s ability ef-theradarto produce accurate QREQPES over the region. Due to the range

degradation typical teof radar rainfall estimates, the centre of mass is biased towards the radar location. This is also
confirmed-alse by the WRF results, showing a more widespread distribution of the centres of mass. In terms of
seasonality, the simulated centres of mass exhibit a similar, even if slightly less obvious, landward pattern.

According to the definition applied in this study, a given event can be considered a HPE for more than one duration.

This can happen when the thresholds associated with the selected durations (Sect. 3.3) are exceeded either at the same

location, or when they are exceeded in different regions. The durations associated with each HPE are listed in Table
S1. The co-occurrence of each HPE duration with the rest of the examined durations is shown in Fig. 5; these co-

occurrence values are similar to values determined in the Alps by Panziera et al. (2018). For example, 79% of the

HPEs at 24 h duration are also HPEs at 72 h duration. Figure 5 indicates a high dependence (i.e., co-occurrence) of
the short-duration HPEs (3-12 h). Similarly, there is a high dependence within the long duration (24-72 h) HPEs.

Nevertheless, even the shortest duration HPEs examined here show a rather high co-occurrence with the longest

duration HPEs (probabilities in all cases > 0.5).

4.2 Bias

Figure 6 shows the rainfall accumulated during all HPEs as estimated by the weather radar, modelled by the WRF,

and measured by rain gauges (Fig. 6a, b and d, respectively). Bias, defined herein as the normalised difference between

WRF-radar:

WRE rainfall and radar QPE (
radar

between +200% and -67%, while some areas show a strong positive bias (Fig. 6¢). The three stations highlighted in

), in percent, is shown in Fig. 6¢. In 69% of the studied region, the bias lies

the figure (the values shown for radar and WRF represent the average of the 9 pixels surrounding the gauge locations
show how this large bias is mostly caused by radar underestimation. In fact, these areas are generally located far from

the radar or in the eastern portion of the radar coverage, where radar QPE suffers from range degradation and beam

overshoot due to the presence of mountains. In other areas, the bias seems related to residual beam blockages.

Underestimation (bias < 0) is also apparent in regions with ground clutter, and some spatial inconsistencies related to

the interpolation of a few fully blocked beams can also be noticed. To avoid interference of these radar estimation

inaccuracies with our results, we focus only on the areas in which the bias lies between +200% and -67% (Fig. 6c).

4.3 Visual, neighbourhood and object-based evaluation of WRF model simulations

Visual comparison of observed (radar) and simulated (WRF) rainfall fields yielded mostly (subjectively) good results
in terms of the spatial rainfall patterns, such as widespread vs. localised rainfall-. Figure 7 presents, as an example, a
well-simulated HPE case (event #1, Table S1). In addition, the distributions of rainfall among pixels were generally

well represented (Fig. 7d). At the same time, pixel-based comparisons were deemed inappropriate for such an analysis,

as shown in the scatter plot (Fig. 7e). Most of the examined HPESs led to similar observations, with the exception of




two HPEs in which the WRF model clearly failed to represent the rainfall patterns. An example of such a poor

simulation is given in Fig. 8 (event #5, Table S1). Both of these poorly simulated HPEs were characterised by
relatively short total storm durations (1.7 and 2 days), just exceeding the durations that defined them as HPEs (6 h and

3-24 h, respectively). Synoptically, they were classified as ARSTS, a system generally characterised by local, short-
lived convection associated with a localised rainfall-triggering mechanism (Armon et al., 2018). The skill of mesoscale
models (e.g., WRF) is poorer in simulating these types of events, mainly due to their short predictability and stochastic
nature (see e.g., Yano et al., 2018). Although a deeper understanding of these aspects can be beneficial for improving
future simulations, it falls outside the scope of this study and requires future dedicated research efforts.

The FSS of the first HPE (Fig. 7f) further manifests the accuracy of the simulated rainfall fields. The forecast has a
larger FSS than the uniform FSS for all cumulative rainfall <50 mm, even at the model resolution (1 km). For larger
cumulative rainfall (but <125 mm), the FSS is still higher than the uniform FSS, when spatially averaged (e.g., 40 km
averaging for cumulative rain of 100 mm). It is only for the higher rainfall amounts, e.g., 125 mm, corresponding to
less than 1% of the pixels in this HPE, that the model forecast is unskilled, i.e., the uniform FSS outperforms the WRF

forecast FSS.

During EM rainstorms, cumulative rainfall values are distributed unevenly in space, and extremely high rainfall depths
are embedded within the larger aerial coverage of lower rainfall depths (e.g., Armon et al., 2018; Dayan and Morin
2006; Morin et al., 2007). Forecasting the spatial distribution (location and spatial frequency) of low cumulative
rainfall is thus easier than forecasting the distribution of the high end of cumulative rainfall, even when averaging is
conducted over large scales. The minimal scale (Roberts and Lean, 2008) at which the FSS of the model’s forecast is
higher than the uniform FSS was calculated for cumulative rainfall of 1200 mm, for all of the identified HPEs (Fig.
9). This allows estimating the minimal scales for skilful forecasts for various cumulative rain depths. For example,

the original model resolution yielded a skilful forecast for cumulative rainfall depths of <25 mm in 50% of the HPEs

(Fig. 9). The figure also shows that cumulative rainfall exceeding 45 mm, in most cases, is skilfully forecasted only

on a relatively large spatial scale (tens of kilometres). During ARSTSs, the minimal scale was much higher than during

MCs (not shown); however, it is important to remember that two of these HPEs were poorly simulated.

The SAL analysis (Fig. 10) showed good performance of the model, except for a substantial positive amplitude bias

(inter-event amplitude component median = 0.80 [i.e. bias of 130%, as defined in Sect. 4.2], interquartile range =

0.37-1.02). Two events stood out with a bias smaller than zero; these were the abovementioned poorly simulated

HPEs. The structure component was well modelled in most cases, showing the ability of the WRF to accurately

generate precipitation objects (0.06 and -0.06 to +0.26, median and interquartile range, respectively). This is

particularly important in regions and events where rainfall is generated through both convective and stratiform
processes, or when intense rainfall is embedded within larger-scale low-intensity precipitation (Wernli et al., 2009).
Relatively low values of the location component (0.25 and 0.18-0.31, median and interquartile range, respectively)

demonstrate the model’s high capability to spatially distribute precipitation objects. Medially, 34% of this component

is composed of the error in the centre of mass location (i.e., a median error of 30 km in the location of the centre of

mass), and the rest is from the average location of each precipitation object. Namely, the model prediction of the centre
of mass of the rain field is quite satisfying, but the prediction of individual precipitation objects is poorer. Standing




out with high location values (0.46 and 0.85) are the same two challenging ARST -type HPESs for which the model was

unable to simulate the rainfall in a satisfying manner, yielding biases smaller than zero and large spatial inconsistency

with respect to observations (see above, e.g., Fig. 8).

The overall positive bias seen in the amplitude component (Fig. 10) could result from underestimation of the radar

QPE or overestimation of the WRF simulation. Possible reasons leading to radar underestimation were discussed

above, and may contribute to this bias even after the most severely biased regions have been masked. However, this
positive bias still needs to be considered when addressing the actual cumulative rainfall amounts predicted by the
model.

The overall good representation of precipitation objects implies that precipitation processes generated by the model

represent actual processes and rainfall characteristics (Wernli et al., 2009).

4.4 Characterisation of rainfall patterns

4.4.1 Areal rainfall

We-shew-inFigure =Fig=11 shows the depth-arearea-duration (DAD) curves obtained from all the-41 HPEs for
durations of 30 min, 6 h and 24 h from radar QPEQPEs (Fig. 11a, ¢, and e, respectively) and WRF (Fig. 11b, d, and
f, respectively). A major increase in cumulative rainfall with increased durationsduration is observed for both for-the
radar and fer-the-WRF curves (Fig. 11g): e.g., based on the radar, an area of 10° km? is medially covered by 9 mm for
a duration of 0.5 h, which increases to 35 mm and 60 mm for 6 and 24 h, respectively (corresponding values from the
WRF-derived rainfall are 4, 25 and 50 mm). This increase could be explained by either by-continuous rainfall; or-by
frequent arrival of rain cells into the region. The latter increases the wet area and the cumulative rainfall in areas that
have already experienced rainfall, and is a major characteristic of HPEs in the EM (e.g., Armon et al., 2018, 2019;
Sharon, 1972). Furthermore, over the longer durations, this causes DAD curves for different events to be more similar
to one another (e.g., Fig. 11e; and f).

The inter-event spread and the difference in the DAD curves for MC and ARST (Fig. 11a-—f},) illustrate the various
types of HPEs identified here. These types range between rainstorms exhibiting only a minimal increase in rainfall
area threughwith time, i.e-., almost all_of the rainfall precipitates during a short period, and rainstorms composed of
many rain cells passing through the same area, or long-lasting rainstorms. These results confirm previous findings by
Armon et al. {2018);(2018) based on a more limited number of events: HPEs classified as ARSTs (Table S1) tend to
be of higher rain intensities for smaller regions and shorter periods than HPEs classified as MCs. MCs only exhibit
higher rain intensities over larger regions and for longer durations.

1t is important to note the difference between radar- QPE- and WRF-derived rainfall DAD curves. Higher rain values
in the radar- QPE over the range of smaller areas is the most obvious difference (Fig. 11g). Although these higher
values may, at a-first sight-peint-eutglance, indicate that the WRF is unable to reproduce the high-intensity rainfall of
the HPEs in the EM, it should be remindedremembered that at short durations, high--intensity radar QPEs can be of
lower accuracy due to contamination from residual ground clutter or hail. This may affect mere-selectively-the QPEs
of the smaller areas-_ more selectively. For instance, for one of the HPEs, an area >100 km? has a rain amount >100

mm in 0.5 h (Fig. 11a), a value that exceeds the 200-yryear return period for the area (Morin et al., 2009). Other



notable differences are some ARST-classified HPEs with WRF-derived DAD curves (Fig. 11b, d, and f};) consisting
of the two WRF-unresolved HPEs mentioned above, and yielding a median ARST curve that is much lower than the
radar-derived eurveone.

The reported differences between WRF- and radar-derived curves result in an overall greater area-over-threshold radar
curves for the high—-rainfall thresholds, especially for the short durations. For long durations and low rainfall
thresholds, the WRF area is larger (Fig. 11), reflecting the positive bias that is probably related to radar range
degradation and beam evershestingovershoot.

4.4.2:3 Autocorrelation structure of convective rainfall

HPEs in the EM are commonly composed of highly localised convective rain cells. This is well shewn-byreflected in
the sharp decrease of the 1-D autocorrelation describing the convective rain fields (Fig. 12a and b) obtained using all
of the convective rain fields throughout the 41 HPEs (n=3373% = 11,731 snapshots for radar and n=14323 = 14,323

for WRF). The median decorrelation distance (defined as the distance in which the correlation drops to r = e, i.e.,

the parameter b of the 1-D exponential fit [Eqg. 1]) of all convective rain snapshots from the radar data is =9 km {=(7

km using the WRF--derived rainfall) and ranges between 3 and 23 km (for the 10% and 90% quantiles, respectively;
2 and 20 km using WRF). The median decorrelation distance during ARSTS is shorter than during MCs, as obtained
from both the radar (7 km and 10 km, respectively for ARSTs and MCs) and the WRF (5 km and 7 km, respectively).

These values are comparable withto previously reported observations (e.g., Ciach and Krajewski, 2006; Morin et al.,
2003; Peleg and Morin, 2012; Villarini et al., 2008) and are somewhat larger than the reported values for the south-
eastern part of the area by Marra and Morin (2018). However, it raustshould be noted that Marra and Morin (2018)
examined 1-min rainfall fields versus the 10-min fields examined here.

The median of the temporal decorrelation distance (Fig. 12c and d) iswas ~4 min (~14 min for the WRF}), and it
rangesranged between <1 and 19 min (10% and 90% quantiles, respectively; 3 and 29 min using WRF). Despite
agreeing with the results of Marra and Morin (2018), the exact temporal decorrelation distance is somewhat dubious,

since it is shorter than the time-_step used for its calculation (10 min)._For this reason, we do not report the small

differences that exist between the two synoptic systems. The larger temporal correlation in the WRF-derived rainfall

is expected, because radar QPE suffers from temporal inconsistencies (e.g., when a convective cell passes through a
region with beam blockages). Nevertheless, such_a short temporal decorrelation confirms the local and spotty nature
of rainfall characterising HPES in the region.

The declining pattern of the 1-D autocorrelation overlooks the 2-D spatial heterogeneity of the autocorrelation field.
The ellipticity of the 2-D autocorrelation yielded a median value of 0.56 (0.58-for-the WRF62 and 0.54 in ARST- and
MC-type events, respectively), with a range of 0.33--0.80 (10%-%-90% quantiles;-). WRF-derived ellipticity values

were almost the same: 0.58 (0.68 and 0.68 in ARST- and MC-type events, respectively), with a range of 0.33--0.79

using-WRF).. These autocorrelation ellipses in the radar data were oriented 13° anti-clockwise from the E-\Weast-west
axis (median value)-and-25; 7° and 14° for ARST- and MC-types, respectively) and 22° for the WRF ellipses;-similarky

(10° and 24° for ARST- and MC-types, respectively). These values are similar to the orientation of radar rain cells

orientation in the eastern part of the region (Belachsen et al., 2017), but somewhat different from the orientation of
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the-autocorrelation fields from the south-eastern part of the region (Marra and Morin, 2018). Fhis—erientation
representsQOrientations found in the present analysis cover the general-atignmentofraincels-during-a- HPE acecounting
forcells-duringentire evolution of HPEs and thus include both south-west (mainly at the beginning of the event-(which
probably-tend-testorm) and north-west (mainly at the SW-direction)-and-during-its-end {shifting-towards-NW).of the

storm) alignments of rain cells. Therefore, they are oriented more anti-clockwise than the autocorrelation fields from

the south-eastern part of the region (Marra and Morin, 2018), which commonly represents rainfall duringat the end of
arainstorm (Armon et al., 2019). Moreover, Marra and Morin (2018) examined 1-min snapshots while here, advection
can play a role in the examined 10-min time interval. Finally, Marra and Morin (2018) analysed only 11 events, thus,
inter-event variance may still play a large role in their results. The high agreement between modelled and observed
rain field ellipticity and orientation also demenstratedemonstrates the high skill of the WRF simulations tein
accurately representrepresenting convection in the region and; thus, repredueereproducing rain-cell properties.

5: Discussion and summary

To-overcome-the-diverse-climatology-of the EM-we-identified- HPEs-using-aThis work characterises rainfall patterns

during 41 HPEs in the EM and evaluates the ability of a high-resolution WRF model to properly simulate their

cumulative rain field and spatiotemporal behaviour, with a specific emphasis on their convective component and the

prevailing synoptic system. A successful outcome will open the way to downscaling global climate projections to

induced changes in rainfall patterns on a regional scale during HPEs, with an understanding of the strengths and

weaknesses of the regional results. However, it is important to note that identification of HPEs in global climate

models constitutes yet another challenge (see discussions e.g. in Chan et al., 2018; Gémez-Navarro et al., 2019;

Meredith et al., 2018).

To overcome the diverse climatology of the EM, we identified HPEs using pixel-based weather radar climatology.

We used a uniquely long, quality-controlled and gauge-adjusted; high-resolution weather radar archive to characterise
the rainfall patterns. A convection-permitting high-resolution WRF model configuration was used to simulate the
same HPEs and the results of this modelling effort were compared to the radar QREQPEs. For most of the 41 HPEs,
model simulations resulted-ingave valuable results: using the Fractions-Skil-ScoreFSS we determinedetermined that
(ai) WRF simulations are highly accurate for cumulative rainfall <25 mm (Fig. 69; Sect. 4.1-2),-(b)-aceumulations3),
(ii) accumulation of >45 mm predueeproduces variable results among different cases (Figs. 457, 8 and 69; Sect.
4.1:2y+e54.3). In other words, skilful results are gained if the model output is averaged over at least a few tens of
kilometres. Structure-Amplitude-LocationSAL analysis of cumulative rainfall shewsshowed that rainfall location and
structure arewere correctly reproduced by the model and iswere similar to the ebserved-by-the-weather radar data




observations in 39 out of the 41 HPEs. Conversely, rainfall amplitude iswas highly (positively-}) biased, with some
of the bias likely explained-bydue to radar underestimation; however, a model positive bias cannot be excluded.

In general, rain amounts forming HPEs are higher near the EM coastline with the exeeptionsexception of (ai) short
durations, for which the highest rain amounts are observed in the desert regions, and (bii) the longer-duration HPEs,
for which mountainous rain amounts are comparable to the-enes-atthose on the coast. Identified HPEs eceuroccurred
during the wet season (October-——April), are--primarily; in November-—February. Their centre- of- mass iswas close
to the Mediterranean coastline and shiftsshifted landward during the season. We analysed the areal distribution of
rainfall at various durations, the autocorrelation structure of the convective rainfall fields and depth-area-durationDAD
curves, ebtainingto obtain quantitative information on the characteristics of the rainfall fields, en-the ability of the
WRF model to simulate them, and en-the precessedprocesses generating them, such as the aggregation of small and
short-tiving-lived rain cells to produce a HPE.

5.1 Spatial distribution of rain--intensity thresholds defining HPEs

High--intensity threshelds-threshold-forming HPEs near the Mediterranean Sea (Fig. 2) are expected, because of its
warm surface waters and high moisture fluxes;-and; they are also apparent in other regions of the Mediterranean (e.g.,
Dayan et al., 2015; Ivatek-Sahdan et al., 2018; Khodayar et al., 2018; Pastor et al., 2002; Peleg et al., 2018; Tarolli et
al., 2012). High rain intensities in the desert are somewhat more intriguing. For example, Warner (2004) mentioned
that there are hither and tither observations of whether rain intensities in the desert arebeing higher than in non-desert
regions. An opposing trend between mean annual rainfall and short-duration rain intensities was also described by
Sharon and Kutiel (1986) using rain gauges, and by Marra and Morin (2015) using both rain gauges and weather radar.
This trend is related to the higher surface temperatures in desert regions, thatwhich may enhance convective activity
(e.g., Peleg et al., 2018), associatedas well as to a deeper boundary layer (e.g., Gamo, 1996; Marsham et al., 2013)
and to-the prevaitingprevalence of rainfall from ARSTSARST circulation patterns, which generally cause higher rain
intensities (Armon et al., 2018; Nicholson, 2011; Sharon and Kutiel, 1986; De Vries et al., 2013). Such a sharp spatial
change in the climatology of the rain intensities defining HPEs maycan only be captured using high-resolution, high
-spatiotemporal—-coverage data (such as the radar- QPE presented here), and reproduced by high-resolution,

convection-permitting models.

5.2 Multiple--duration HPEs and their relation to flash floods

Mediterranean-climate, and; even more; so desert--climate HPEs, can produce rain amounts of the same order of
magnitude ofas the mean annual rainfall (e.g., Nicholson, 2011; Schick, 1988; Tarolli et al., 2012). Frequent co-
occurrence of short- and long--duration HPEs is thus to be expected, and dividing events into short versus long duration
HPEs-is not straightforward. However, our dataset comprises events efwith different characteristics: local and intense,
as well as widespread; rainfall--triggering mechanisms and potential hydrelegichydrological impact can be quite
different.

Zoccatelli et al. (2019) observed a relatively high correlation between rain depths over a-catchments and unit peak

discharge in catchment areas ranging between 13- and 1232 km? ofin Mediterranean and desert environments in the



EM. In arid and semi-arid catchments, a high correlation was reported between the stermstorm’s rain core, defined as
the largest hourly intensity over a 9--km? area in the catchment, and the unit peak discharge. Floods in Mediterranean
catchments were accompanied by larger rain depths (~52 mm) over longer durations (~1 day), compared to the desert
catchments (~14 mm, ~7 h). Comparison of these values with the DAD curves in Fig. 11;-shew shows that a portion
of the hereHPEs analysed HPEshere are prone to produce floods in smaller catchments and in the-desert regions, while
others could generate floods in larger catchments and in the-Mediterranean climate regionregions. Specifically, the
convective part of the rainstorm is known to generate the highest-magnitude floods, even at-thein Mediterranean
climate areas (e.g., Rinat et al., 2018; Tarolli et al., 2012). The short spatiotemporal autocorrelation distances observed
for the convective rain fields highlight, once again, the spottiness of HPE rainfall-ef HPEs in the EM region (Sharon,
1972), and waswere well-simulated by the WRF model (Fig. 12).

5.3 Identification and characterisation of HPEs using weather radar and high-resolution weather model

ARST synoptic circulation is often associated tewith flash floods in the desert part of the region (Ashbel, 1938; Kahana
et al., 2002; Krichak et al., 1997), and its rainfall is commonly caused by mesoscale triggering of convection (Armon
et al., 2018) and is therefore less predictable (e.g., Keil et al., 2014), as evident from this study as well (e.g., Fig. -10-

11). ARSTs are also characterised by smaller rain field autocorrelation distance (Fig. 12). It is thus crucial for future
studies to understand the reasons for the poor modelling results observed in-two-(ef41)with 2 of these HPEs.41 HPEs.
This is evident in the coarser model domains as well (SF2). Possible aspects to be inspected include the adopted

parametrisation schemes (Table 1}), but; since we used-a convection-permitting resolution, problems could arise from
other issues. In particular, since errors in the moisture field tend to propagate fastrapidly, the correct amount of
moisture sheuldmust be entered teinto the model in the correct location to properly reproduce rainfall aton the
mesoscale (e.g., Rostkier-Edelstein et al., 2014; Zhang et al., 2007). In this study, we used ERA-Interim reanalysis
data (~80 km horizontal resolution), which may not be accurate enough to resolve some conditions, but is aton the
same scale as outputs of global climate medelmodels. Future studies should consider using higher--resolution input
data, such as the newly released ERAS5 data (Hersbach, 2016).

Nonetheless, the autocorrelation structure of the rain fields was well simulated (Sect. 4.4.2). This suggests that even

if an event is less predictable, some of the rainfall characteristics can still be simulated. This result is encouraging in

terms of the use of convection-permitting models, e.g., in _nowcasting, because it means that wind patterns

(determining orientation and ellipticity) are well forecasted.

The use of a long record of radar QPEQPEs enabled us to provide a high-resolution semiquasi-climatological
characterisation of the rainfall patterns during HPEs with a resolution and spatial coverage that cannot be achieved
using rain gauges. However, rainfall characteristics could not be adequately retrieved in regions suffering from radar
data—-acquisition problems. Despite—thisNevertheless, the resultedresultant skill of the WRF rainfall fields

supportsupports its use for representing HPEs in regions_that are not well covered by radars. Since the analyses were

performed in a region exhibiting a strong climatic gradient, we suggest that similar results sheuld-be obtained in other

parts of the world, at least in areas characterised by similar climates.



observed-rain-accurulations: The main added value of convection-permitting models is seen in area averages, rather

than over small-scale regions (Roberts, 2008). Therefore, over large catchments (e.qg., larger than a few hundred square

kilometres, as suggested by the minimal scale presented in Fig. 9), their forecasts are expected to be relatively useful

and accurate. Nonetheless, the use of a deterministic convection-permitting model is still unsatisfactory for pinpointing

the highest observed rain accumulations. Although such models are becoming more common in weather and climate

forecasting and research (Prein et al., 2015), they are still not adequate for short-term hydrological applications, such

as flash-_flood predictions. The structure of the high cumulative rainrainfall is predicted quite well. However, it still

suffers from a positive bias, and is not exactly well located (e.g., Figs. 69 and 710). In order to provide better flood
predictions, especially for small catchments and for flash flood generation controlled by infiltration-excess, there is a
need for more structured approaches, such as ensemble forecasts and data assimilation of meteorological observations
(e.g., Diomede et al., 2014; Gustafsson et al., 2018; Hamill et al., 2008; Rostkier-Edelstein et al., 2014). These would
provide probabilistic (rather than deterministic) information, and could therefore account for the uncertainty
characterising the location in high-resolution models (e.g., Alfieri et al., 2012; Vincendon et al., 2011).
Characterisation of rainfall patterns during HPEs has a-special significance in the EM: on the one hand, the region
suffers from a severe water shortage-anes; on the other-hand;, it is prone to devastating floods. Both are predicted to
worsen in response to climate change (e.g., Alpert et al., 2002; Kelley et al., 2015; Sowers et al., 2010). Modelling
could help understandingunderstand the effects of climate change on these two aspects but, before assessing the
projections for a change in rainfall patterns induced by climate change, we need to consider what aspects of these
patterns are still not well--captured by weather models-at-present—Fhese-aspects-wit-thus-be, posing a challenge infor
future predictions. For example, we showed here that rainfall during ARSTSs is less adequately forecasted. These
ARST HPEs are netabhy-known to cause flash floods; and, as ARSTs might be occurring more frequently due to global
warming (Hochman et al., 2018b), this low predictability should be addressed.

The work presented abeveherein is a step towards better understanding-ef rainfall patterns during HPEs in the EM,
and we are currently extending the research to relate specific rainfall patterns andto atmospheric conditions at a-high-
resolution, and to analyse how the predicted climate change will affect the same-rainfall characteristics we-outlined

abeve-An-additienalin this paper. Another research direction worth following is-te-cembinewould involve combining

our procedures with satellite-based climatology. However, to date, satellite products present insufficient-temporal (>
0.5 h, mostly >-3 h) and spatial (>-0.04°, mostly >-0.25°) resolutions (e.g., Ashouri et al., 2015; Gehne et al., 2016)
that are insufficient to adequately sample the fine—-scale properties of convective rainfall fields, particularly in arid

areas.

6- Conclusions

This study presents the identification of HPEs using a weather radar. These HPEs were then simulated using a high -
resolution weatherNWP model and evaluated, focusing on the spatiotemporal patterns of the rainfall fields. The main
conclusions of this characterisation and evaluation are-summarised-below:



e HPEs in the EM are common between October and April, and their occurrences are focused in November —
February. HREsThe HPES’ centre of mass is located near the Mediterranean coastline and moves landward
during the rainy season.

e For most storm durations, the rain amounts forming HPEs (i.e., larger than 99.5% of all rainy hours) are
higher near the Mediterranean coast. For short durations, the highest HPE rain amounts are located in the
desert, and for long durations, mountainous and coastal regions exhibit similar values.

e HPEs consist of small convective rain cells (spatial and temporal decorrelation of ~9 km and ~4 min,
respectively) that form a highly variable rainy area over short durations. The size of the rainy region increases
with duration and becomes more hemegenreushomogeneous between events.

o ConvectionA convection-permitting high-resolution WRF model can simulate most HPEs, apart from some

of the shortest, most localised storms, associated mainly with ARSTSs.

o Rainfall structure is well simulated. Nevertheless, it is slightly less variable than the observed enestructure,
and is characterised by a significant positive bias in the-rain volume. This can be, at least partially, attributed
to radar underestimations.

e The location of rainfall is generally predicted properly, with the exception of the highest rainfall amounts:
the minimal scale for forecasting total rainfall depths >25 mm is highly variable between events, and
increases significantly for rainfall depths >45 mm.

UsingUse of a high-resolution weather model that can reproduce rainfall patterns in-times-efduring HPEs is of great
importance in predicting the hydrometeorology of flood-producing rainstorms. However, these must be elaborated;
using, e.g-., ensemble runs of the model. Convection-permitting models may also help in-assessingassess changes in
precipitation induced by climate change, although if thesethey are composed of HPEs that are less- skilfully predicted
in present, they should be examined eautioushywith caution.
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Figure 4:1: Study region. (a) elimateClimate zones in the eastern Mediterranean, three nested domains used in the weather
model (D1-3; purple, green and blue) and the radar domain (red). (b) meanMean annual rainfall isohyets, radar and
innermost model domains. Climatic classification is from the Atlas of Israel (2011). Basemap source: U.S. National Park

Service.
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periods range between 1.8 and 10.4 yr.years. White areas found mostly to the east of the radar were masked out according
to the black line in Fig. 6¢ (Sect. 4.2).
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Figure 5: Probability of a HPE with a given duration listed on the x-axis conditioned on being a HPE with a duration listed
on the y-axis.
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Figure 6: Total cumulative rainfall for all 41 HPEs, from (a) radar-derived QPE, (b) WRF-derived rainfall, and (d) daily
rain gauges. (c) WRF--to--radar rainfall accumulation ratio-{logarithmic-colour-seale)-bias (normalised difference; Sect.
4.2). The 3200% and +3-67% bias region is marked in black. Highlighted in (d) are total accumulations [mm] measured at
three rain gauges from regions where radar- QPE is considered to be inferior; corresponding radar and WRF, 9-pixel
averaged values [mm] centred over the same locations, are shown in (a) and (b), respectively.




105 Radar

WRFvadar

E
H
2

Easting [ x 10

e
0035
[ Ractar
003 ] wee |
oS
=
H
S om
S
o
o oms
I
an
0005
o
1102030 s 75 00 150 200
Rainfall [mm)]

E
E
£
7 “
" <
1 o 2 A
%10 Easting fm) x10
(d) (e) ()
0035
>~ -
9
S oo g L of
=} =) N } |
= R U VTOcSSTIREREEE LU S S S S —— ———— {
@ o015 s r‘
& i 5 —
e
001 = 0 E 1 Threshold (mm] \
| —
0005 . —_10
5
' — 100
o k Scale, 125
1102030 5 75 100 150 200 ' L
: . . o 50 00 150 200 %0
Rainfall [mm] Radar rain [mm] Spatial scale [km]

Figure 4:7: HPE #1 (02-Nov-1991 09:00 -to 05-Nov-1991 09:00 [Lecatlocal winter time]; see Table S1). Cumulative rainfall
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for a valuable prediction for a-100 mm rain depth (at the crossing of the FSS and the uniform FSS; see details in
supplementary material [S1]).
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Figure 6:9: Minimal scale (see Fig. 4f7f and supplementary material [S1]) derived for all 41 events for various rainfall
thresholds.
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details are in the supplementary material (S2).
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Figure 11: Depth-Area-Duration (DAD) curves showing the maximal amount of rainfall as a function of area, derived from
the radar QPE (left; a, c and ) and from the WRF model (right; b, d and f) for 0.5 h (top), 6 h (middle) and 24 h (bottom).
Green and purpleorange lines represent HPEs classified as MCs and ARSTSs, respectively. Thick lines represent the inter-
event median. This median is compared between radar-QPE and WRF rainfall in panel g.
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Figure 2:12: 1-D exponential fitting of rain field spatial (a, b) and temporal (c, d) autocorrelation values from radar-
derived QPE (a, c) and from the WRF model (b, d). These were computed using 10--min snapshots of rain and only for
periods where convective rainfall is present. Quantiles in spatial autocorrelation (a, b) represent 11731 snapshots of radar
10--min data;_(10,095 of which come from MC-type events), and #432314,323 WREF rainfall snapshots:_(12,220 of which
come from MC-type events). Temporal autocorrelation plots (c, d) are composed of the 41 examined HPEs (grey), and their
median values {bluefor all events (purple), for MC-type only (green) and for ARST-type only (orange),
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Temporal resolution [s]
Domain size [pixels]
Number of vertical layers
Model top [hPa]

~100 ~20 4-8
100100100 x 100 221%221221 x 221 554X551551 x 551
68 68 68
25 25 25

Physics

Cumulus scheme

Microphysical scheme

Radiative transfer scheme
Planetary boundary layer scheme
Surface layer scheme

Land surface model

2011a)Tiedtke (Tiedtke, 1989; Zhang et al. -

2011a)
Thompson (Thompson et al., 2008)

RRTMG Shortwave and Longwave (lacono et al., 2008)
Mellor—Yamada— Janji¢ (Janji¢, 1994)
Eta Similarity Scheme (Janji¢, 1994)
Unified Noah Land Surface (Tewari et al., 2004)

Table 1: WRF Medelmodel settings and specifications




Supplementary material

S1. FSSFractions Skill Score (FSS) statistic

The fractions skill score {FSS;-Reberts-and-Lean2008}(FSS; Roberts and Lean, 2008) statistic is defined

A T e e

Formatted

for each rainfall threshold (q) using a binary field (1) that equals 1 wherever pixel values are > g, and 0
elsewhere. Thus, the fraction of radar-derived (observed) pixels for a given rainfall threshold over a

given neighberhoodneighbourhood length n (i.e-., spatial averaging}), termed 0,,, and the similar Formatted

: English (United Kingdom)

Formatted
(Eq. S1) MSE, = (On,— Mp)?, Formatted

Formatted

where_the overbar denotes averaging. The MSE is then used to calculate the FSS:

Formatted

MSEyn—MSE (nyref MSEy,

modelled fraction derived from the Weather Research and Forecasting (WRF), model (M,,}-s), are used Formatted
to calculate the mean square error (MSE) as follows:

(Eq. S2) Fan = — MSEo =1- MSE s’ Formatted: English (United Kingdom)
Formatted
where MSE gyperrect, = 0 is the MSE of a perfect forecast, and MSE (y,0r = A0_1%‘+ AM_IZIA. /[ Formatted
The uniform FSS is defined as hatf-efthe-wayhalfway between a random forecast and a perfect skill \( Formatted
forecast: ' [Formatted: English (United Kingdom)

. — 1+fm)o /{ F tted
(Eq. S3) FSAS‘(n)umformA—A — ormatte
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where fp, is the observed frequency-, i e-., the fraction of observed pixels exceeding the threshold over Formatted
the entire domain using a reighberhoedneighbourhood length of size n.

S2. SALStructure—amplitude-location (SAL) analysis

The structure-amplitude-location analysis (SAL; Wernli et al., 2008) shown in the text also requires
setting up a rainfall threshold (f)_that enables distinguishing precipitation objects that are greater than
this threshold. Following is a summary of the calculation of each of the three components of SAL.

alla)

: English (United Kingdom)

A-component (amplitude): /{ Formatted
(Eq.S4) A = @, /{ Formatted

R GITNVON
Wherewhere R is the rainfall accumulation field and M and O denote modelled (WRF) and observed [Formatted
(radar) rain, respectively, and A € [—-2,2]. /{ Formatted
The [- component (location) is athe sum of two components. The first one (L) is a normalised measure Formatted

of the distance between the eentercentre of mass of the medeledmodelled and observed rain fields, and Formatted

almiall




the second (L) considers the average distance between the eentercentre of mass of the total

precipitation fields and individual precipitation objects within them, as follows:

(Eq.S5) L, = xm=xol

)
A aadaaa

allal

where x denotes the eentercentre of mass of a rain field and d is the largest possible

[ Formatted

geographiegeographical distance along the considered domain.

: English (United Kingdom)
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: English (United Kingdom)

The second location component (L, ), wheightsweights each precipitation object using its total amount /{ Formatted

of rain (R,),usingand a weighted average distance: ()

Ty Rulx—xy

Eq.S6) r = 3
(Eq. S6) 7= "5wr e -

/{ Formatted
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: English (United Kingdom)
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where n is an index of precipitation objects ranging from 1 to the number of objects existing (M). L, is /{ Formatted

computed through the difference between the modelled distance (r3,),and the observed one (1),

/{ Formatted

calculated according to ee—A7ZEq. S7, for the modelled and observed precipitation objects, respectively.

(Eq. 57) L, = 2(2T0hy

aa daa £

— | Formatted
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Finally, the [- component is simply the sum of L; and L,:

/{ Formatted

(Eq.S8) L = Ly, + Lo, Formatted
Formatted
where L € LO,ZL Formatted
The S- component (structure) is calculated through a scaled volume of each precipitation object (1/): \[ Formatted
(Eq.59) V, Rp Formatted

q. = —max
N Formatted
where R7*** is the maximum rainfall value of the precipitation object n. The weighted mean of the \[ Formatted

scaled volume is ealeuttedcalculated, through:

\‘[ Formatted

M
V= ananVn

Eq. 510 :
(Eq. 510) 2 Ra

Whiehwhich is then used to calculate the S- component:

(Eq. S11) S = 1VM;VO, /{ Formatted
BV INAN
where V), and Vj, represent the scaled volume calculated using the modelled and observed rain fields, /[ Formatted

respectively, and S € [—2,2];

S3. Heavy precipitation events (HPEs) identified and analysed

Table S1 - HPEs identified and analysed in this study
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16 11-12-1996 14:00 14-12-1996 15:00 ARST X X X X X X X Formatted
17 13-1-1997 11:00  17-1-1997 7:00 MC X X X X X X X { Formatted )
18 3-3-19976:00  4-3-1997 16:00 MC X X X X 4 [ Formatted [_j
19 19-10-1997 11:00 20-10-1997 10:00 MC X X X [ Formatted ]
20 25-11-1997 10:00  27-11-1997 9:00 ARST X X X X [ Formatted )
21 4-4-19984:00  4-4-1998 17:00 MC X X ~{ Formatted )
22 28-12-1998 6:00  31-12-1998 21:00 MC ~{ Formatted -
23 13-12-1999 6:00  15-12-1999 8:00 MC X X X X [ Formatted ]
24 18-1-2000 6:00  24-1-2000 2:00 MC X X X X X X
£ [ Formatted ﬁ
25 25-1-2000 15:00  28-1-2000 20:00 MC X X X X X X X Formatted B
ormatte:

26 12-2-200022:00  16-2-2000 16:00 MC X X X X X X X [ d [_ﬂ
27 29-11-2000 0:00  1-12-2000 10:00 MC X X X x .formatte
28 19-12-2000 6:00  21-12-2000 17:00 MC X X , [ Formatted )
29 30-4-20019:00  2-5-2001 17:00 MC X X X X X X X [ Formatted f_j
30 9-12-2002 6:00  12-12-2002 6:00 MC X X X X X X [Formatted )
31 2-1-2003 16:00  4-1-2003 12:00 MC X X [ Formatted =
32 27-1-2003 10:00  30-1-2003 13:00 MC X X X X X X Formatted )
33 3-2-2003 0:00 5-2-2003 16:00 MC X X X [ Formatted [—j
34 17-2-2003 19:00  22-2-2003 23:00 MC X X Formatted B
35 24-2-20031:00  28-2-2003 2:00 MC X X X X Formatted )
36 1-12-2003 14:00  5-12-2003 20:00 ARST X X X X X X X Formatted B
37 14-12-2003 16:00 15-12-2003 10:00 MC X X X X X

[ Formatted [—j
38 15-12-2005 15:00  18-12-2005 9:00 MC X X X
39 18-12-2007 14:00  21-12-2007 8:00 MC X X X X [ Formatted )
40 2-1-20083:00  5-1-2008 19:00 mC X X X X X X % Formatted Q

Formatted




a1 17-1-2010 16:00 22-1-2010 6:00 MC

X

XLocal winter time (UTC+2}:), presented as day-month-year and hour,

#Simplified synoptic classification (Sect. 3.4.in the main text).

S4. WRF namelist.input file example

&time_control

run_days =0,

run_hours =138,
run_minutes =0,
run_seconds =0,

start_year =2010, 2010, 2010,
start_month =01, 01, 01,
start day =16, 16, 16,
start_hour =12, 12, 12,
start_minute =00, 00, 00,
start second =00, 00, 00,
end year =2010, 2010, 2010,
end month =01, 01, 01,
end day =22, 22, 22,
end _hour =06, 06, 06,
end_minute =00, 00, 00,
end_second =00, 00, 00,
interval seconds =21600

input from file = .true.,.true.,.true.,
history interval =360, 180, 10,
frames _per outfile =1,1,1,
restart = false.,

restart _interval = 1440,
io_form_history =2,

io form restart =2,
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io form input =2,

io form boundary =2,

debug level =0,

jiofields filename = “varsNot2Use d01.txt”, “varsNot2Use d02.txt”, "varsNot2Use d03.txt",

ignore iofields warning = .true.,

A

_&domains

time_step =8,

time step fract num =0,

time step fract den =1,
use_adaptive time step = .true.,
step to output time = .true.,
target cfl =1.2,1.2,1.2,
target hcfl =.84,.84,0.84,
max_step _increase pct =5,51,51,
starting time step =-1,-1,-1,
max_time step =-1,-1,-1,
min_time step =-1,-1-1,
adaptation domain =1,
max_dom =3,

e we = 100, 221, 551,

e sn = 100, 221,551,

e vert =68, 68, 68,
p_top requested = 2500,
num_metgrid levels =61,
num_metgrid soil levels =4,

dx = 25000, 5000, 1000,
dy =25000, 5000, 1000,

grid id =1, 2, 3




parent id =0, 1, 2,

i parent start = 1, 28,55,

i parent start = 1, 28,55,

parent grid ratio =1, 5 5
parent time step ratio =1, 5 5
feedback =1,

smooth _option =0,

A

&physics

mp_physics =8,8,8,
cu_physics =6,6,0,
ra_Ilw_physics =4,4,4,
ra_sw_physics =4,4,4,

bl pbl physics =2,2,2,

sf sfclay physics =2,2,2,
sf surface physics =222,
radt =15, 15, 15,

bldt =0, 0, O,

cudt =2, 2, 2,

icloud =1,

isfflx =1,

ifsnow =1,

num_soil layers =4,

num_land cat =21,

sf_urban physics =0, 0, 0
surface input source =1,

i



&fdda

&dynamics

w_damping =1,

diff_opt =1, 1, 1,

km_opt =4, 4, 4,

diff 6th opt =0, 0, 0

diff 6th factor =0.12, 0.12, 0.12,

base temp =290.

damp_opt =3,

zdamp =5000., 5000., 5000.,

dampcoef =0.2, 0.2, 0.2

khdif =0, 0, O

kvdif =0, 0 0

epssm =0.2, 0.2, 0.2,

non_hydrostatic = .true., .true., .true.,

moist_adv_opt =1, 1, 1,

scalar_adv_opt =1, 1, 1,

gwd opt =1,

i

&bdy control

spec_bdy width =5,

spec_zone =1,

relax_zone =4,

specified = .true., .false.,.false.,
nested = .false., .true., .true.,

i



&grib2

&namelist_quilt

nio _tasks per group =0,

nio groups=1

S5. Figures
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lementary Figure 1: An example of the spatial autocorrelation analysis (Sects. 3.5.4, 4.4.2 in the main

text). The left panel shows a 10-min rainfall map based on radar data from HPE #1. The right panel shows the

2-D autocorrelation field of the same map. The red ellipse represents the a

roximate e'! correlation region

and its axes are in black. Deviation of the major axes from the east-west axis (grey) is denoted «. The short-to-

long axis ratio defines the ellipticity of the autocorrelation field.
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Supplementary Figure 2: Accumulated precipitation (convective [RAINC] + non-convective [RAINNC] rainfall
in the coarsest WRF domain during HPE #5 (Table S1) and the approximate range of the Shacham radar (Fig.
1in the main text). Notice the absence of rainfall within the radar range, as opposed to the radar QPE (Fig. 8a
in the main text).
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