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POINT-BY-POINT REPLY TO COMMENTS

1 RESPONSE TO THE EDITOR’'SCOMMENTS

The manuscript has now undergone 2 rounds of review. Theétsif review comments were considered major and, therefore
the revised manuscript was sent out for review again afteratithor had made substantial changes to the manuscript.

In this round of reviews, Reviewer #1 notes that there has ls@gnificant improvement to the revised manuscript and
recommends that the manuscript be accepted with minorioeviReviewer #2 notes there are interesting points raigetiis
comment but felt that there was further major revision (aendew) needed for the manuscript to be accepted.

In looking at both reviewers comments and my own review ofefised manuscript, the main points of this commentary
still need clarification and be generalized enough to makecttmment of interest to a wide audience. Reviewer #2 naés th
this quite possible but that major revision is still needed.

To help the author clarify the contribution, the revieweavt noted their interpretations of the major points of ttosnnen-
tary and provide specific comments about how this can be dloffer the same here to help with revisions: In my undersitaagnd
of the contribution of this comment, | find of most interest ploint that models are often called upon for applicatiorest th
require information to make decisions of high societal ealsuch as flood forecasting - and that we have a respongyilaiit
hydrologists to understand the limits and applicabilityooir models and the data that drive those models. As crowctismu
data (CSD) can now be used as a further tool to enhance hygiminodeling efforts, out community needs to consider tee us
of CSD in our responsible assessment of the applicabilimadels to answer questions of such importance and relevance
see the author using a recent paper on CSD, study area, anélrtethake this comment.

| believe that an additional revision effort, will continte improve the general interest of the paper and elevatertipact
of the comment. For this reason, | am recommending additi@vésion before the manuscript can be accepted.

| thank again the author and reviewers for the productivedssion and progress towards publication.

Again, | am grateful to the Editor and the Reviewers for tiseiggestions, which | found insightful and helpful.

| used the Editor’s suggestions mainly to improve the Inticithn of the Comment, highlighting the importance of detzat
and deeply understanding both models and data charaicteiistorder to provide useful and reliable tools to suppbe t
decision-making related to flood forecasting and managéemknv the beginning of the Introduction reads (additionsad):

“Flood forecasting has a critical importance as it resultdenisions of high societal value. It is essential to
provide public authorities with the best combination ofadabhd models in order to produce the most accurate
flood predictions, and with a robust knowledge of the modélab®ur in terms of reliability and uncertainty.
Modellers thus have a responsibility to deeply assess teagths and limitations of models, and to explore
different kind of forcing data as well.

Within this general picture, the topic of crowdsourced datgaining increasing attention among hydrologists.
Indeed,the availability of hydrometric data, collected by activi&zens in the course of severe flood events,
offers a new, unexpected chance to improve real-time flooelctsts However, the use of crowdsourced data
poses severe challenges to modellers since their infoomatntent, reliability, arrival frequency, and location
are a-priori unknown (Mazzoleni et al., 2015, 2017; van Mekt et al., 2017). In addition, long time series of
crowdsourced data are in fact unavailable.

In pioneering applications, crowdsourced data (CSD) ctéie in the upper part of a basin were assimilated into
adaptive hydrological models...”

Moreover, I'm grateful to M. Mazzoleni as his suggestionpeel in amending some imprecisions in the text and in better
introducing the matter of the comment, and to the anonymexiswer for giving a chance to make the manuscript signifigan
clearer and easily understandable.
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2 RESPONSE TO THE COMMENTSOF REVIEWER #1

The author clearly improved the manuscript and | really agpate his effort. The structure of the comment is now clear a
the main objective well described. | do believe that auth@rcal remarks will be helpful for future publications imé same

area.

Maurizio Mazzoleni

| thank M. Mazzoleni (Reviewer #1) for his appreciation o tBomment and for his valuable comments and suggestions,
which helped me to further improve my Comment.

1.

However, | still have a couple of comments/suggestiongdaggsection 3 (use of CSD in operation flood forecasting).
| think this section needs more clarifications. In partiaufeom the abstract and introduction (page 2 lines 1-3) iSes
that the main objective of the comment is to discuss thetefé@assimilation of unreliable synthetic CSD derived from
a poorly calibrated model on the assimilation performandésnetheless, section 3 provides a qualitative analysis on
the effect of model structural uncertainty in data assitila, which is different than the original scope of this coemn
The author need to clarify this issue or to better frame thepsoof the comment.

| agree. The two arguments mentioned by M. Mazzoleni areadlgtquite different and, although being mutually related
in the scope of the manuscript, they both deserve to be nmattiovhen introducing the main issues of the Comment.
Accordingly, | modified the Abstract to read (additions id)e

“... In most real-world applications, hydrological model® calibrated using data from traditional sensors;
CSD are typically collected at different locations, whesengi-)distributed models are not calibrated. As a
result of either equifinality, poor model identifiabilitypé lacks in model structure, internal states of (semi-
)distributed models can hardly mimic the actual states ofigex systems away from calibration points.

a
ccco ctroHd O Ci o110

assessmentBynthetic CSD generated by such models are unreliable amwtdallow to assess the effects
of model structural uncertainty; their use may lead to ostmeating the performance of CSD assimilation
with respect to real applicationadditional guidelines are given that are useful for the impevaluation of
crowdsourced data for real-time flood forecasting and, fudlyeto plan apt design strategies for both model
calibration and collection of crowdsourced data. ...

In the Introduction, the following modifications were made:

“A practical verification of the results by Mazzoleni et &0(7) is indeed necessary; furthermore, particular
attention has to be paid tdditionalpossibledrawbacks inherent in the use of CSD for operational flood
forecastingand related to model structural uncertajntyhich are not discussed in their proof-of-concept
study.”

. Page 5, lines 25-30: Is the author referring to the assinmlatof synthetic or real CSD? | do agree that synthetic CSD

estimated at different points than the calibration ones matybe accurate when model is poorly calibrated. This cohcep
was already reported in section 2.3. On the other hand, | dosee the point of this paragraph if the author is referring
to real CSD. Obviously, a traditional physical sensor wiibpide more reliable observations than CSD if located at the
same point. However, the benefit of CSD is in their spatidtifigtion and availability in points where physical sensor
are not available, as stated already in the original papesufgest the author to clarify which type of CSD (synthetic or
real) are considered in section 3.

| agree that the paragraph at hand was not properly structucthanged the paragraph by moving the first sentence at the
end of the paragraph, so that the reason why | put this pahgtahe beginning of section 3 should now be clear. In other
words, since CSD typically do not refer to calibration psjite must look carefully at the model behaviour/perfornganc
away from calibration points. Now the paragraph at hands¢ambved text in green):
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In general h|stor|cal data recorded
by traditional sensors are flrst used to calibrate a modeh, tm real-time mode, the same sensors provide
data both to force the model and to update the model statgs Eecolani and Castelli, 2017); moreover, the
reliability of data from traditional sensors outperformsittof CSD. Hence, from a practical point of view,
CSD have limited usefulness at locations already equipp#ttkaditional sensorssince the natural purpose
of CSD is to enhance (rather than replace) data from trawditisensors, CSD typically do not refer to model
calibration points.

According to the reviewer’s suggestion, | also added séveferences to “real” CSD in Section 3 (starting from thketit
of Section 3) in order to clarify what | was referring to.

. Page 6, lines 18-24: It is stated in the comment that datansistion can be used only at calibration points in case of

poorly calibrated model. | have some doubts about this state (in particular page 6 lines 20-22). It is worth notingith
even in case of not-properly calibrated model (which is theecof semi-distributed and distributed models) assiiitat

of reliable observations can help improving model perfonees. The author should include that a proper estimation of
the model error, expressed by means of the error covariaratebin linear DA or model spread in Ensemble method,
is necessary to ensure an appropriate assimilation proagesase of poor model calibration. There are many studies in
which observations are assimilated at internal pointsadéht than the calibration points. This is the case of adaiion

of remote sensing observations in case of distributed nzadiflrated only in few discharge locations (when availdble

| suggest the author to improve this part.

| remark that the sentence referred to in this comment is alid in general; as stated in the text, it specifically applie
to cases in which “only internal states are updated”. Anywagded a sentence to this paragraphs, which now reads
(additions in red):

“... assimilation of CSD in operational flood forecasting & helpful provided that the model is able to well
represent the physics of the system at locations where C8Bddlected Of course, data assimilation can
contribute, in many cases, to improve such a representaiionever,when only internal states are updated
(asin Mazzoleni et al., 2017), this condition is met if (amdlydaf) the model is properly calibrated and verified
at locations where CSD refer to. Otherwise, correctingrivetbstates of a poorly calibrated model can even
lead, in principle, to worse predictions at the outlet tharf@rming no corrections at all (Crow and Van Loon,
2006). It is undoubtedly difficult to assess this issue whag synthetic CSD, generated by the same model,
are available for testing the overall method.”

. Page 7, lines 28-30: | do not agree with this statement. leisause of the random behaviour and involvement of citizens

that CSD location cannot be determined a-priori. CSD can fmiged at any point of the basin/river and not only at
calibration ones. There has been many studies in which melpiplications are developed to correctly estimate river
velocity or flow (e.g. Luthi et al. 2014) by using river crosstion (which can be assumed rectangular). Definitely, such
tools will provide an uncertainty estimation of the flow cheteristics of the river which may lead to a wring update
of the model states at interior points. The hope is that melialsle tools for accurately measuring river flow will be
developed in the next years.

| agree, the sentence was formulated in a too much genemastérthen restricted the sentence to water level CSD,
which actually need the existence of a rating curve to be eded into streamflow data.

“It must be observed that, while scarce control on the ctibacof CSD can be exerted during significant
flood events, the locations at which citizens can collect @Evater levelss always determined a-priori,
since the availability of rating curves is a necessary dandin order to convert water levels into discharges.
The amount of measured data needed to develop reliablg @tines can also be profitably used to calibrate
the model at those sections as well.”



10

15

20

25

30

35

40

5. I have a final question to the author. Since CSD can be asdadilanly at points when model is calibrated and physical
sensors (more reliable than CSD) are already installed asthpoints, is the author implicitly suggesting that CSinfro
citizens should not be used for improving flood predictiorengn case that system states are well represented?

No, I’'m not saying that. CSD can be assimilated at locatiafisrént from calibration points, but in this case attentio
must be paid to update not only model internal states, botmlsdel parameters. Moreover, the suitability of model
structure in correctly represent the physics of the redesysat these points (when the model is properly forced, of
course) must be a-priori checked.

6. | hope these suggestions will help the author to further oaprhis valuable contribute to the use of CSD from citizens
for improving flood prediction.

| thank again M. Mazzoleni for his helpful suggestions.

3 RESPONSE TO THE COMMENTSOF REVIEWER #2

Thanks for the opportunity to review the revised versioni®¢bmment. | read both this version and the preceding d&ons
with interest. Honestly, | have somewhat split feelingsuatois comment. On the one hand some valuable points are,made
but on the other hand the 'comment-aspects’ are not fullsircle

| thank Reviewer #2 for his/her effort in reviewing the Commhand in providing useful suggestions, which are addressed
in the following

1. As | see it, the author makes two main comments: 1) the usentifesic data for the crowdsourced observations and
2) the model choice and application. While the author is \e&itjcal about the first point, | would disagree to phrase
this as general as done in the comment. Studies using synttaa can actually be quite informative to investigate
the question on how valuable such data potentially could bieely would be available. | would argue this is a suitable
approach can actually provide guidance on how to collecterd sourced data (see also van Meerveled et al, in review,
HESS-D, as an example of this approach). The author needsvtap more convincing arguments why the approach in
general is not suitable or on where exactly he sees shorirgmsrof the particular implementation of this approach in
the study by Mazzoleni et al.

| admit | was quite puzzled in reading this comment. | catgftg-read the manuscript and | did not find anything,
with reference to the use of synthetic data, saying that &iiygroach in general is not suitable”. | searched for all the
occurrences of the word “synthetic” throughout the text] afound that synthetic data (and limitations related tarthe
use) are always mentioned with reference to the use of (distributed (and overparametrized) hydrological models
and, more specifically, with reference to the Bacchiglioasecstudy presented by Mazzoleni et al. (2017). | agree with
the reviewer that, in general, the use of synthetic data caraly be quite informative. As a matter of fact, | remark
that Mazzoleni et al. (2017) used synthetic data in threétiaddl case studies and, in my Comment, | was not critical
at all about those applications. However, synthetic datatrba reliable or, alternatively, their uncertainty/inaccy
have to be (fairly) known. In my comment, | show that this ig ttee case when synthetic data are generated away
from calibration points by a (semi-)distributed hydrolcgji model. Specifically, if synthetic data are extractedrfro
the best-fit scenario and than assimilated into the same Iirtbeg are obviously leading to better performance than
real crowdsourced data. In other words, the question on laduwable such data potentially could be if they would be
available can not be properly answered if synthetic datsarely better (but no one can say how much better) than real
crowdsourced data.

I then concluded that maybe the Abstract and the Introdnetiere not well formulated, and thus formed a sort of wrong
perception of what | was commenting on in the following saasi of the manuscript.

Accordingly, | revised the Abstract to read (additions ihd)o
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“In their recent contribution, Mazzoleni et al. (2017) istigated the integration of crowdsourced data (CSD)
in hydrological models to improve the accuracy of real-tiftned forecastsThe Authors used synthetic CSD
(i.e., not actually measured), because real crowdsouraedveere not available at the moment of the study.
In their work, which is actually a proof-of-concept studyakzoleni et al. (20178howed that assimilation
of CSD improves the overall model performance; the impadtrefular frequency of available CSD, and
that of data uncertalnty were also deeply assessed qumhasteJeﬁemarkedthaem—thaHNerk—the

apreef—ef—eeneepetudythe use of synthetlc CSD in conjunctlon Wlth a semi- dlsmelnlhydrologlcal model
deserves further discussioim most real-world applications, hydrological models eadibrated using data
from traditional sensors; CSD are typically collected dfiedent locations, where (semi-)distributed models
are not calibrated. As a result of either equifinality, poardel identifiability, and lacks in model structure,
internal states of (semi- )d|str|buted models can hardlylmthe actual states of complex systems away from
calibration points W
FequfresaearefulrassessmenSynthetlc CSD generated by such models are unrellable amnbtdallow to
assess the effects of model structural uncertainty; thegrmay lead to overestimating the performance of
CSD assimilation with respect to real applicatioAslditional guidelines are given that are useful for the
a-priori evaluation of crowdsourced data for real-time dldorecasting and, hopefully, to plan apt design
strategies for both model calibration and collection ofamisourced data.”

| also found an overstatement in the Introduction, and | atedrihe text to read (additions in red):

“A practical verification of the results by Mazzoleni et #0(17) is indeed necessary; furthermore, particular
attention has to be paid tdditienalpossibledrawbacks inherent in the use of CSD for operational flood
forecastingand related to model structural uncertajntyhich are not discussed in their proof-of-concept
study.”

Finally, once clarified that in my Comment it was never stdtet the approach is in general not suitable, | remark
that Section 2.3 is completely devoted to explain where thkdsee shortcomings in the particular implementation of
this approach in the study by Mazzoleni et al. (2017), in a thay M. Mazzoleni found this comment reasonable and
useful. Nonetheless, to further clarify this key point, bstantially enhanced Section 2.3 (see my answer to your next
comment).

. The second point | actually find more interesting. The autticely provides reasons on why a so called physical model

is not as physical as one might think. | find this discussiatlydnelpful, although it could be a bit more to the point. hca
clearly sympathize with the argument that the use of suchysipal but still not so physical’ model has implementagion
for the result in a study which heavily relies on model cadiin, and probably the use of a simpler model by Mazzoleni
et al. could have been appropriate. However, it is not cleamfthe comment in which way the author thinks this could
have influenced the results.

| realized that, in the previous version of the manuscripis part was not clear enough. Therefore, | substantially
enhanced Section 2.3, which is entirely devoted to explais point. Now it reads (additions in red, moved text in
green):

“In the Bacchiglione case study, Mazzoleni et al. (2017)cated the model using measured rainfall data
to well reproduce the streamflow hydrograph at the closingi@e (call this post-event simulation “scenario
1"). Then they forced the model with predicted rainfall fiekthat were completely different from the actual
storm event (“scenario 2"); in this caske discharge simulated using forecasted input was vefgrdift from
that obtained using recorded rainfall, with a significamdishift and errors in predicted discharge ranging
between 25 and 50% at the flood peak (and up to 90% if consgissinchronous data)a-Mazzeleniet

ak—2017);syntheticCSBb-of-streamfloware resultsof-the-medehtself: In the “scenario 3" similarly to
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the “observing system simulation experiment” (OSSE) aapngsynthetic streamflow CSD extracted from
the “scenario 1” were aSS|m|Iated into a new run usmg theestorting as |n the “scenario Zéynthetrc

een&deredteeetevehts(pest-even&mﬁlaﬂeh) Not surprlsmgly the model performance in the “scenarlo 3”
was significantly better than in the “scenario 2.

The Authors claimed that tse synthetic CSBhey usedare realistic ;-hewever, For this condition to be
met, given thatthese CSD are results of the model itsthie model must represent well the physics of the
real system (i.e., it must be calibrated or, at least, vel)fa locations where CSD are first generated and
then assimilatedwhieh; thisis a fundamental hypothesis behind the OSSE approach. Astarroffact, the
synthetic CSD used in Mazzoleni et al. (2017) for the Badatnig case study are representative of the model
internal states of the best-fit scenafut However recalling that such CSD do not refer to model control
points, nothing can actually be said about the model perdioce at locations where CSD are generated and,
as a consequence, about their accurBeal CSD are then expected to be farther from the best-fiasicen
than the synthetic CSD generated by the model; thatis,CSD are likely biased with respect to the synthetic
CSD actually usedrherefore, assimilation of real crowdsourced data cabeats effective as that performed
in Mazzoleni et al. (2017).

From one point of view, such an inconsistency could haveMedzoleni et al. (201 7)o overrate the impor-

tance of CSDin-Mazzelenietalk{2017A,whe, as theyconsidered issues related to CSD precision, but not
accuracy(Mazzoleni et al., 2016)ﬂ~ethemmme,real-%9a¥e4+ke+y~bmsed\wwespee&ethesymheﬁc

at~6294r7—) From a more general point of view, addltlonal caresln’me taken in operational rood forecast-
ing when assimilating CSD into (semi-)distributed hydgital models at locations other than model control
points. This last point is further discussed in the nextisact

3. From the comment it is clear that certain aspects of Mazz@eal. could have done differently or have been described

clearer. However, to be really useful a comment has to beifipend raise issues of general importance. As argued
above, | do not agree with the fundamental critic againstitbe of synthetic data. While point 2 still could be of general
interest, it is not yet formulated in such a way. In the cutffienm it mainly describes the details but misses to frame thi
in a more general discussion on which model to use when,dim@uthe consequences of using a too complex model.
To summarize, while the comment raises an important poirdhwdould be of general interest, some significant work is
needed to make the comment as useful as it could be.

| agree with the reviewer that, to be really useful, a comnhastto respond to two different (and substantially opppsite
needs: it has to analyse and debate specific aspects, arara&getissues of general importance as well.

I hope that, with the enhancements made in the revised veddithe paper (as described above), the part referring to
specific aspects is now sufficiently clear and complete. | Em @onvinced that the issue concerning the critic against
the use of synthetic data (not really present in the manut3dsinow clarified.

On the other hand, | point out that a “general discussion oietwimodel to use when” goes far beyond the scope of the
present manuscript that, being in fact a specific commemtiamhe paper by Mazzoleni et al. (2017), mainly deals with
possible shortcomings in the assimilation of crowdsouragd into (semi-)distributed hydrological models for rgade
flood forecasting.

| believe that the comment, at least for people operatindgpénfield of flood forecasting and interested in the use of
crowd-sourced data, already presents issues of quite @leén@rest. Nevertheless, in Section 3, which is mainly de-
voted to generalize the main specific issues of the Commetidéd some sentences in order to make the reasoning
more clear. Specifically, in the revised version of the marips it is explicitly stated that CSD are typically spdiija
distributed. Accordingly, spatially explicit models areaded in order to take advantage from this kind of data. Wnfor
nately, physically-based, (semi-)distributed model$esdfom equifinality, poor identifiability of model paranses, and
structural deficiencies, leading to possible shortcomiagged to the assimilation of CSD referring to locatiorffedent



from the calibration point of the model. Finally, guidelin@nd possible solutions (along with associated limitai@mne
discussed.
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Abstract. In their recent contribution, Mazzoleni et al. (2017) invgated the integration of crowdsourced data (CSD) in
hydrological models to improve the accuracy of real-timedldorecastsIhe Authors used synthetic CSD (i.e., not actually
measured), because real crowdsourced data were not d@aitathe moment of the study. In their work, which is actually
a proof-of-concept study, Mazzoleni et al. (205hpwed that assimilation of CSD improves the overall moéelggmance;
the impact of |rregular frequency of available CSD, and tifadata uncertainty, were also deeply assessed. Howievexs

aproef-of-concepttudy.the use of synthetic CSD in conjunction with a semi-distiglolhydrological model deserves further
discussionIn most real-world applications, hydrological models eaéibrated using data from traditional sensors; CSD are
typically collected at different locations, where (semisjributed models are not calibrated. As a result of eidtprifinality,
poor model identifiability, and lacks in model structureteimal states of (semi-)distributed models can hardly mithe
actual states of complex systems away from calibrationtpoindeed;in-eperationalframewerks the-assimilationefreal
{ratherthansynthetic)cSbBrequiresa-carefulassessmentSynthetic CSD generated by such models are unreliable and do

not allow to assess the effects of model structural unceytaiheir use may lead to overestimating the performande3id
assimilation with respect to real applicatiodgdditional guidelines are given that are useful for the mprevaluation of
crowdsourced data for real-time flood forecasting and, hudlgeto plan apt design strategies for both model calilora&and
collection of crowdsourced data.

1 Introduction

Flood forecasting has a critical importance as it resultdenisions of high societal value. It is essential to prowpdeélic
authorities with the best combination of data and modelgdeioto produce the most accurate flood predictions, and avith
robust knowledge of the model behaviour in terms of religbéind uncertainty. Modellers thus have a responsibititgeeply
assess the strengths and limitations of models, and to rexgifierent kind of forcing data as well.
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Within this general picture, the topic of crowdsourced datgaining increasing attention among hydrologists. lagléee
availability of hydrometric data, collected by active ziths in the course of severe flood events, offers a new, uoepe
chance to improve real-time flood forecadtkwever, the use of crowdsourced data poses severe chedléagnodellers
since their information content, reliability, arrival reency, and location are a-priori unknown (Mazzoleni gt2415, 2017;
van Meerveld et al., 2017). In addition, long time seriesrofxdsourced data are in fact unavailable.

In pioneering applications, crowdsourced data (CSD) ctéle in the upper part of a basin were assimilated into agapti
hydrological models to reduce uncertainty in forecastingdl hydrographs at downstream sections (Mazzoleni et@l5)2
In a recent work, Mazzoleni et al. (2017) paid particulaeition to the issues of uncertainty and irregular arrivagjrency
of CSD. Their results showed that assimilation of CSD impsothe overall model performance. They also showed that the
accuracy of CSD is, in general, more important than theivarfrequency.

HeweverIn their work, the Authors used synthetic (i.e., not actpatieasured) CSD, because real streamflow CSD were
not available at the moment of the study. Commenting on thieeet, the Authors wrotetie developed methodology is not
tested with data coming from actual social sensors. Thezetbe conclusions need to be confirmed using real crowdsaur
observations of water levelA practical verification of the results by Mazzoleni et @017) is indeed necessary; furthermore,
particular attention has to be paidadditienralpossibledrawbacks inherent in the use of CSD for operational flooddasting
and related to model structural uncertajiishich are not discussed in their proof-of-concept study.

The Comment is outlined as follows. Section 2 presents a desgssment of the Bacchiglione River case study (i.e., the
fourth case study presented in Mazzoleni et al., 2017), deroto highlight the actual gap between a proof-of-concaptys
and a real application for operational flood forecastinge@ithe complexity of the basin and the relatively paucitgilable
data, it is shown that the semi-distributed model used inAdini et al. (2017) is unable to properly represent the ighysf
the whole hydrological and hydraulic system, with adveiffeces on the assimilation of real CSD. Based on the key featu
delineated in Sect. 2, a more general assessment of CSDilatisimin (semi-)distributed hydrological models is given

Sect. 3. A brief summary closes the Comment.

2 Specific comments
2.1 The Bacchiglione catchment closed at Ponte degli AngéYicenza)

The catchment of the upper Bacchiglione River, closed atd’degli Angeli in the historical centre of Vicenza (Fig. Iy,
located in the north of the Veneto Region, a plain that isgieith by the Alpine barrier at a distance of less than 100 kmeo th
north of the Adriatic Sea (Barbi et al., 2012).

With regard to the precipitation climatology, the southpant of this plain is the drier, with approximately 700-10@én
of mean annual rainfall, whereas more than 2000 mm are mesiose to the pre-alpine chain due to the interaction of the
southerly warm and humid currents coming from the Meditezean Sea with the mountain barrier (Smith, 1979). A signitica
portion of the annual rainfall often concentrates into vengrt periods of time in the form of what often turns out to be a
extreme event with deep convection playing a central robel§Bet al., 2012; Rysman et al., 2016). As a consequencereev
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Figure 1. The catchment of the Bacchiglione River closed at Ponte degli Angeknv (Italy).

flooding event have threatened agricultural and urban anetie recent years (e.g. Viero et al., 2013; Scorzini andlcra
2015).

Due to the spatial and temporal variability of the rainfatldis meteorological models are often unable to providerateu
and reliable quantitative precipitation estimates (QRIEXlie upper Bacchiglione catchment. An example of this égaecy

5 is given, for instance, by Fig. 13 in Mazzoleni et al. (20Bhe dischargesimulatedusingforecastednputis-verydifferent

The upper Veneto plain is a highly populated and urbanized,avith extremely complex drainage and irrigation network
that significantly affect both runoff production and proptign (Viero and Valipour, 2017). Within this plain, the Bhaglione

10 River and its tributaries are provided with relatively highiees (Viero et al., 2013), which prevent the exchange ¢témfeom
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inside to outside the riverbed (and vice-versa) when therinvater levels are relatively high. As a consequence, tm®mi
channel networks are not always allowed to deliver theimdige water towards the nearest tributary, i.e., the inflomts
along the main river reaches change during a flood event dépeon the instantaneous water level within the river. This
occurrence modifies the network connectedness which, i keads to different mechanisms of hydrologic responséén t
overall catchment.

Just upstream of the City of Vicenza, an area of up to % kinthe “Viale Diaz” floodplain (Fig. 1) is flooded when the
Bacchiglione flow rate exceeds 160 m3/s. Since abow2 - 10° m? of water can be temporarily stored in this area, a significant
flood attenuation can be produced, particularly in case ofdovith a steep rising limb (which is often the case due to the
climatic regime and the catchment characteristics).

Moreover, the lower part of the Bacchiglione basin, NorthVafenza, includes a vast groundwater resurgence zone, in
which it's difficult to assess both the actual contributidrresurgence to the Bacchiglione streamflow (up-t80 m3/s) and
the time-variable behaviour of soil moisture.

Clearly, such a system is highly non-linear. Nonethelagsjficant parts of the Bacchiglione catchments are pooiiyim
tored, and the remaining parts are completely unmonitdrbd.Leogra subcatchment (blue shaded area in Fig. 1) isq@dvi
with a pressure-transducer for the measure of water levBbraebelvicino (Fig. 1). A rating curve derived from theticel
considerations is available for this cross-section. Hamethe absence of instrumental measures of flow discharges lits
reliability. The Leogra-Timonchio subcatchment (oranbaded area in Fig. 1) is monitored by an ultrasonic stageosens
located at Ponte Marchese, just upstream of the conflueribehe Orolo River. Flow rate measurements at Ponte Marchese
refers only to low hydraulic regimes, and show great valitghdue to the operations of a hydroelectric power planated
just downstream of Ponte Marchese. The Orolo River (greadesharea in Fig. 1), with a discharge capacity of more than on
third of the Bacchiglione at Ponte degli Angeli, is one ofritajor tributaries. Unfortunately, not only the Orolo sutotenent
is completely uncovered by meteorological gauging statidnit also no hydrometric gauging stations are presengaten
reach. Similarly to the Orolo, the Astichello catchmentl(sghaded area in Fig. 1) is unmonitored and, due to backwhter e
fects, significant areas adjacent to the Astichello are #doslhen water levels in the Bacchiglione are relatively higénce,
the discharge that effectively flows from the Astichellcitihe Bacchiglione River may significantly reduce dependinghe
water stage within the main course of the Bacchiglione River

Attention must be paid to the fact that the three major tebies (Orolo, Timonchio, and Astichello) meet just upstrea
of the closing section of Ponte degli Angeli (Fig. 1), makindifficult to correctly estimate the actual contributioheach
single tributary to the total streamflow. By looking at theelike structure of the drainage network in an electricalagy
(Rodriguez-lturbe and Rinaldo, 2001), the major tribemof the Bacchiglione are in fact “conductors in parallel”.

Certainly, given the irregular topography of the catchragtite heterogeneity of the landscape, and the complexitiyeof
hydraulic network, it can be stated that the Bacchigliortetuaent is poorly monitored.
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2.2 The semi-distributed model of the Bacchiglione catchnm

In catchments like that of the Bacchiglione River, for a# tieasons reported in the previous section, the accurateoa of
flood hydrographs by performing continuous time simulaigunquestionably a hard task (Anquetin et al., 2010).

Mazzoleni et al. (2017) used an available semi-distribimgdtological model coupled with a Muskingum—Cunge scheme
for flood propagation within the main river network, whichswariginally set up to forecast flood hydrographs at the olpsi
section of Ponte degli Angeli (Vicenza). Sensibly, the mModes calibrated by minimizing the root mean square errowben
observed and simulated values of water discharge only aeRtmgli Angeli, which is the only hydrometric station proed
with a reliable rating curve. The semi-distributed modé&ha@ugh explicitly representing the hydrological proassvithin
the main subcatchments, has to be intended as a lumped motedfpractical standpoint, since the discharge in Pontk deg
Angeli is its only control point.

Therefore, no matter the accuracy of the streamflow prexdfistin Ponte degli Angeli, little can be said about the aauod
the model in describing the internal states of the systenh as the streamflow along the upstream tributaries. Thitliion
has to be ascribed to uncertainty in precipitation fieldsh&opaucity of (reliable) flow rate data upstream of Viceraa] to
inherent limitations of the model itself.

Indeed, it has to be remarked that the Muskingum—Cunge nfoddlood propagation used in Mazzoleni et al. (2017)
considers rectangular river cross-sections for the etitmaf hydraulic radius, wave celerities, and other hyticavariables
(Todini, 2007). Accordingly, the effects exerted by the &\ Diaz” floodplain, which acts as a sort of in-line naturabtl
control reservoir on flood propagation, can not be propertpanted for. This means that, if the flood hydrograph isexity
modelled at Ponte degli Angeli, it can not be correctly mtetklupstream of the Viale Diaz floodplain (and vice-versa).

2.3 The use of synthetic CSD in the Bacchiglione case study

In the Bacchiglione case study, Mazzoleni et al. (2017)cated the model using measured rainfall data to well repredhe
streamflow hydrograph at the closing section (call this jgesint simulation “scenario 1”). Then they forced the madligh
predicted rainfall fields that were completely differerdrfr the actual storm event (“scenario 2"); in this case, discharge
simulated using forecasted input was very different fro@t thbtained using recorded rainfall, with a significant tigtéft

and errors in predicted discharge ranging between 25 andai@be flood peak (and up to 90% if considering synchronous

-In the “scenario 3”similarly

1” were assimilated into a new run using the same forcing dkdriscenario 2”syntheticCSB-werecalculatedby-foreing

----- A h-me o a\ N onreco acH nathecon dare
Y/ G CCol C

surprisingly, the model performance in the “scenario 3" siggificantly better than in the “scenario 2”.

The Authors claimed that tise synthetic CSEhey usedare realistic-hewever, For this condition to be meiyen thatthese
CSD are results of the model itsethe model must represent well the physics of the real sysiem i must be calibrated
or, at least, verified) at locations where CSD are first geadrand then assimilategieh; thisis a fundamental hypothesis
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behind the OSSE approach. As a matter of fact, the synth&ia @Gsed in Mazzoleni et al. (2017) for the Bacchiglione case
study are representative of the model internal states dfg¢kefit scenaricBut However recalling that such CSD do not refer
to model control points, nothing can actually be said ableeithodel performance at locations where CSD are generatkd an
as a consequence, about their accurBeal CSD are then expected to be farther from the best-fisicethan the synthetic
CSD generated by the model; thatiisal CSD are likely biased with respect to the synthetic C8Dally used Therefore,
assimilation of real crowdsourced data can not be as efteas that performed in Mazzoleni et al. (2017).

From one point of view, such an inconsistency could haveMedzoleni et al. (201700 overrate the importance of CSB
Mazzelenietal{2017)whe, as theyconsidered issues related to CSD precision, but not acglkéezzoleni et al., 20163

i ietak . From a more general point of view, additional carestie taken
in operational flood forecasting when assimilating CSD ifgemi-)distributed hydrological models at locations ottien
model control points. This last point is further discusgethie next section.

3 The use ofreal CSD in operational flood forecasting

As remarked by Mazzoleni et al. (2017), the success of aksing real CSD in hydrological modelling strictly depends on
their accuracy, quantity, and spatial-temporal distidoutHowever, attention must be paid not only to CSD, but &bsthe
model.

calibrate a model; then, in real-time mode, the same sepsavile data both to force the model and to update the maoatelsst
(e.g., Ercolani and Castelli, 2017); moreover, the relighdf data from traditional sensors outperforms that ofBC&lence,
from a practical point of view, CSD have limited usefulnes®baations already equipped with traditional senséisce their
natural purpose is to enhance (rather than replace) datatfedlitional sensor@and considering that they can be collected at
locations not known a priori;; SD typically do not refer to model calibration points.

Given the spatially distributed nature of CSD, spatiallpleit hydrological models can take the major advantagenfro
CSD. On the other handeeerdinghy, particular care has to be taken when dealirth whysically-based, (semi-)distributed
models, which are known to suffer from equifinality goabridentifiability of model parameters (Beven, 2006).

After the critical work by Beven (1989), detailed investigas were carried out about the model complexity needed to
simulate rainfall-runoff process. Several studies ingidahat the information content in a rainfall-runoff regas sufficient
to support models of only very limited complexity (Jakemand &ornberger, 1993; Refsgaard, 1997). This implies that di
tributed, or semi-distributed, hydrological models arklem calibrated; rather, they are commonly over-paramedti since
calibration rarely involves their internal states (Sebeeal., 2012; Viero et al., 2014).
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In addition, flood routing processes are typically overdifigal in operational models meant to real-time flood foréicas
(Mejia and Reed, 2011). For instance, significant effedeted to either compound sections, large floodplains cdedeo
the main channel, or confluences causing backwater effgetseldom accounted for.

As a consequence, (semi-)distributed rainfall-runoff elsednay provide accurate predictions of outflow dischargiet
closing section and, at the same time, poor predictions tefrial states of the system (e.g., the soil moisture content
the relative contribution of upstream tributaries); inethvords, one can likely get the correct answer for the wraagon
(Loague et al., 2010). Therefore, (semi-)distributed n®dan be said calibrated only at calibration (or controlnf and
verified only at locations in which model results are showraimpare favourably with enough (and accurate enough) megsu
data.

This caveat particularly applies to assimilation of CSDydtological modelling for operational, real-time flood éoasting.
Indeed, while CSD typically refer to model internal statbey are assimilated in order to improve the accuracy of thanm
outputs of the model, such as streamflow hydrographs anhgjesctions (model internal states are relatively less rtapbin
this context).

Recalling that model input, states, parameters, and aufjouta subset of them) can be updated using different data as-
similation techniques (Refsgaard, 1997), assimilatiol©€8D in operational flood forecasting can be helpful provitieat
the model is able to well represent the physics of the systelocations where CSD are collectedf course, data assimi-
lation can contribute, in many cases, to improve such a septation. Howevexryhen only internal states are updated (as in
Mazzoleni et al., 2017), this condition is met if (and onlyttie model is properly calibrated and verified at locatiore e
CSD refer to. Otherwise, correcting internal states of algaalibrated model can even lead, in principle, to worssjotions
at the outlet than performing no corrections at all (Crow ®ad Loon, 2006). It is undoubtedly difficult to assess th&ies
when only synthetic CSD, generated by the same model, ailafaesfor testing the overall method.

As a valid alternative for operational forecasting, enslentiased data assimilation methods (e.g., the Ensembleafalm
Filter or the Particle Filter) can be used to update jointlgdal states and parameters and to provide a direct measure of
uncertainty. In this way, models cope directly with equilityaand problems of over-parametrization, since paramgaisterior
distributions are represented by ensembles. Note thatalygata assimilation algorithms are in principle able t®sn out
noisy data automatically, but need to be modified to tacklssiide data bias, which otherwise leads to poorly calilbrate
models. Thus, it is important, regardless of the nature efdtita, to verify if such bias exists before any data asdiimilas
applied.

Nonetheless, also such sophisticated tools may falil if tbdahhas structural deficiencies that make it unable to semte
true system states at given locations. As a representatdrae, consider the Bacchiglione River (Fig. 1) and, djsadily,
the “Viale Diaz” floodplain described in Sec. 2. The role @eyby such an in-line flood control reservoir on flood routing
can not be accounted for using a basic Muskingum—-Cunge ntioatetonsiders rectangular cross-sections. It followsttiea
assimilation of accurate streamflow data referring to a@edbcated just upstream of the Viale Diaz floodplain (eRpnte
Marchese, see Fig. 1) can likely deteriorate the model ptiedis in Ponte degli Angeli, downstream of the floodplain.
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Shortcomings similar to the one described above, which edondnd in many different case studies, can be a-priori @nje
tured through a close inspection of both the physical systedithe model characteristic. Their quantitative assessnezds
an extensive comparison with measured data; of coursejrad"hise of CSD (i.e., their assimilation at locations where

model is neither calibrated nor verified) is at least quesiie.

4  Summary

The approach proposed and investigated by Mazzoleni 2@17(, based on the assimilation of crowdsourced data (CSD)
can be generally valuable to improve real-time flood forexasing non-traditional information now available thatdkactive
citizens and new technologies.

However, it has to be remarked that physically based maodgiif rainfall-runoff and flow routing processes has to fatteal
limitations ascribed to the paucity of measured data, tactimplexity of real environments, and to lacks in model gtree
and parametrization. As a consequence, (semi-)distdo@imfall-runoff models used for operational flood foreaas can
provide reliable predictions at locations where calilmatis performed (i.e., control points) and, at the same timerrectly
represent system states elsewhere (e.g., dischargegsiaamsungauged tributaries).

In a context of equifinality and simplified representatiomezl physical processes, the accurate prediction of outfi@iwo-
graphs can be achieved even though model internal statéswhtch the true system states. In such cases, the assomitft
real CSD can lead to a substantially lower performance thanse of synthetic CSD would suggest, as it correspondacin f
to update a model using biased data (e.g., Dee, 2005; Liu, @0Hl2). When only internal states (and not model paranjeters
are updated, or when the model suffers structural defi@snthe assimilation of real (i.e., not synthetic) streamflata at in-
ternal points can lead, in principle, to even worse modelipt®on at the outlet than no assimilation at all (Crow and Y@on,
2006). The problem can arise due to the disjoint use of fradit and crowdsourced data, with the former used to caébra
(semi-)distributed models at control points, and the fatgzd only in real-time to update model states at differecations.

A possible solution is the use of ensemble based data agSomilmethods to update jointly model states and parameters
An additional pragmatic recommendation is the collectibmacurate measured data for a suitable period, for at least t
reasons: i) to develop reliable rating curves at locationsr@ water level CSD are planned to be collected, and ii) ltbrege
and verify the model ability in describing the system stat@sectly at the locations in which CSD are collected.

It must be observed that, while scarce control on the cadleaif CSD can be exerted during significant flood events, the
locations at which citizens can collect C®bwater levelds always determined a-priori, since the availability dfrrg curves
is a necessary condition in order to convert water levels discharges. The amount of measured data needed to develop
reliable rating curves can also be profitably used to cakttee model at those sections as well.

As a final remark, both modellers and environmental agerstieald comprehensively account for the characteristitiseof
physical system, for model structure and parametrizat@rihe design of the sensors network, and for data to be ustadrp
calibration and in operational mode.
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