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The point-by-point response to the reviewer’s comments is given in the
individual replies to each comment and copied below. All the lines, pages and
figures numbers refers to the HESSD version. The answers have been written
during the revision process and some parts of the paper have been changed
various times, making the first suggested change out of date. The mathe-
matical notations have also been changed after the responses to reviewers 1
and 2. All final changes are presented in the marked-up manuscript at the
end of this author’s response.

Response to reviewer #1

The authors would like to thank Referee 1 for his positive evaluation and
for his constructive comments and suggestions. The detailed answers to the
specific comments are presented below.

P313, L7: Please rephrase: "time-series of different regions and
climates."

We propose the following sentence: "When considering climate or hy-
drology, numerous studies aim at characterising variability, trends or breaks
using observed time-series representing different regions or climate of the
world. "

P313, L10: Please rephrase: "...time-series that suffer from ..."
We propose the following sentence: "Howewver, in hydrology, these studies
are usually limited to reduced temporal scale (mainly few decades, seldomly
a century) because they are dependant on observed time-series which have a
limited spatio-temporal density.”

P313, L12: the correct term is "climatic information" (without

s)

This will be corrected in the revised version

P314, L7: The “related uncertainties” refer to uncertainties re-
lated to multi-decadal variations? If so, please indicate the type of
uncertainty.

Yes, that is right. This will be clarified as:

"In a non-stationary climate, multi-decadal variations can remain high
above the long-term trend. In climate projections for the coming decades,
they often represent a major source of uncertainty (e.g. Hawkins and Sutton,
2009; Deser et al., 2012). For precipitation or hydrometeorological variables
such as streamflow, uncertainties related to multi-decadal variations can be as
large as or even larger than uncertainties due to climate models (e.g. Terray
and Boé, 2013; Lafaysse et al., 2014)."
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P315, L1: "longer than 100 years" (plural)
P315, L 19: "streamflow variations" instead of "streamflows vari-
ations"?
P317, L3: Maybe “bounded” might be more appropriate in this
context than "limited".
P318, L13: The correct longitude should be 8°W.
These points will be corrected in the revised version

P318, L18-19: This statement is not clear: The methodologies
you are discussing here are based on the reconstruction site only?
Yes, this is what we meant; we propose this rephrasing: "Different meth-
ods are classically used to reconstruct climatic observations. Some of them
are only based on the series at the reconstruction site itself (long-term average
or regime, temporal interpolation techniques...), others are based on external
data (prozxy data) used to calibrate and run a reconstruction model."

P319, L19: % instead of x 7
Yes, the correct phrase should be: “The estimate Xparq of the target
variable X obtained with LM for a given day d has the classical following
expression :”

P321, L10: What do you mean exactly by this? If I under-
stand that correctly, only the ANATEM approach incorporates
uncertainty in terms of Eq. 4, whereas the local model itself is
parameterized through neglecting ¢,.

Yes the part mentioning “another way of considering uncertainty” refers
to the ANATEM approach only. To improve understanding we suggest re-
moving the last part. The new sentence reads: “As explained previously for
the air temperature reconstruction, a simple version of this model with a
residual term considered equal to zero is used in this paper.”

P322, L2: I expected k being the index variable, whereas n indi-
cates the total number of days used for the similarity analyses. If
so, I recommend replacing k by n since k is used for specific days
later on in the manuscript.

Yes; it should be n here, this will be corrected.

P322, L6: Please indicate which archive is used here (SPAZM?).
SPAZM, this will be added.

P323, L1-7: It remains unclear how you have derived the ensem-
bles using ANA and ANATEM. This is my point of criticism as
described in the general comments section. It is clear that we can
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select among n days for which the spatial geo-potential height dis-
tribution is similar to that observed for the day of interest. Have
the ensembles been achieved through drawing random numbers us-
ing the distributions (e.g., box plot in Fig. 2) derived for each day?
Please provide some more details with respect to the ensembles.

For each day where an analog reconstruction is made, the 50 nearest
analogs days are selected (the analogy being defined with the TW criterion
from the atmospheric features described earlier in the paper). Then, the
distribution used in ANA and ANATEM reconstructions is the empirical
distribution constituted from the 50 values of air temperature (or precip-
itation) observed respectively for these 50 nearest analogs days. There is
therefore no random process in the elaboration of the distribution. Note
that in some other papers, authors use an analog method where they cal-
ibrate a gamma distribution on the empirical distribution and then they
randomly draw in this distribution (e.g. Marty et al., 2008). This allows to
better represents extreme values. Since, we were more interested in the gen-
erality of the ANATEM method, we didn’t add this modelling and further
generation process in our ANA method.

We propose this rephrasing of the paragraph:

"The reconstruction is deterministic when only one analog is used (clas-
sically the nearest analog). The analog day can be also selected among the
n nearest analogs. An ensemble of reconstructions can be produced when all
n nearest analogs are successively used for the reconstruction. In the fol-
lowing the ensemble is simply defined with the empirical distribution of the
n observations from the n nearest analogs respectively. As a result, an en-
semble of reconstructions can be produced. This allows characterizing the
uncertainty in the reconstruction. The ensemble of reconstructions obtained
with ANA model for the variable X and day d will be written in the following

[XANA%L . where k = 1...n refers to the n nearest analogs selected for
a =1...m
the day d. In the present case, the selection is done among the 50 nearest

analogs (n = 50)."

P325, L12: Why does the local model yield a value of 9.0 °C?
From the figure, I would expect 9.8 °C.
Yes, this is a mistake that will be corrected

P326, Eq. 9: It remains unclear to me, why you have chosen this
type of equation. Could you please provide some more informa-
tion with respect to the theoretical back- ground (e.g., appropriate
shape for typical values of xd and the parameters).

We acknowledge that the reference, which is an EDF internal report, is
not published. We made nevertheless this choice because we already had
an experience with this formulation in the field of data assimilation for
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operational streamflow forecasts. This formulation is used to post-process
streamflow forecasts based on the analysis of Rainfall-Runoff model past
residuals. Despite its rather empirical nature, the formulation proved to
give satisfactory results for this post-processing application. Depending on
the current hydrological processes, we may prefer to make a "multiplica-
tive" post-processing of the forecast (typically during drought events) or an
"additive" post-processing of the forecast (typically during floods). Due to
these two basic properties, we decided to use this formulation for ANATEM,
suitable with the problems encountered with rainfall. Another formulation
could be obviously tested (as suggested by one of the examiner of Anna
Kuentz PhD). Note however that this would not change the principle of the
ANATEM combination. We also expect it would not drastically change the
conclusions of our work.

a’j and bfl coeflicients are deduced from two conditions proposed by Du-
four and Gargon (1997) :

. Panak
e The slope of the tangent to the curve in = 0 should be | ;——%—

LM,ANAS

e When PANA’; = PLM,ANAZ? the following should be obtained : ﬁclf =
Piva

The first condition has been imposed empirically and selected because
it gave satisfactory results, while the second condition is logically deduced
from the idea of the correction model.

The first condition gives the equality :

ak P ANAK 2

@ N (PLM,ANAI(}')

The second condition gives the equivalence relation :

P v = B k<> T4 = 7173—&-&’;-“ & ak = bk

ANAEK LM,ANAk Ta+b d d
From these two relations the coefficients can be defined as :

2
<PLM,ANA§>

k k
at =P ¢ and b% =
d ANAK d Pl

Note that in the paper there are some notation mistakes that will be
corrected: the value of the local model for day d is sometimes noted LMy
instead of P q-

P326, Eq. 11: The first approximation for very small values of

k
x4 is clear to me. However, I do not understand why z <1 + Z—Z) :

kN —1
(1 + i—‘i) yields x4 + (ak — bF) for x4 — +o0.
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Even though it becomes evident from Fig. 4 that this approach
represents an additive transformation for high precipitation inten-
sities, I would like to ask you to explain this approximation more
in detail.

It comes from Taylor series expansion, see the detail below :

Using the usual first order Taylor expansion (1 4+ y)~! = 1+ y + o(y)

k

when y is close to 0 for the variable y = i—‘; :

ok pe\ 1 ok bk
xd-(l—kx—j)-(l—k d) ~ xd-(1+x—3)-(1—ﬁ>whenxd—>—|—oo

T4
After expansion,

Zd Td

The last term tends to 0 when x tends to infinity.

za (14 9) - (1 2) =g+ o — b + 222

P328, L11: What does SD mean? Is it the standard deviation of
the time series? Please explain this abbreviation.

Yes it is the standard deviation; “The ratio between the SD of the re-
constructed and of the observed values...” will be replaced by “The ratio be-
tween the standard deviations of the reconstructed and of the observed time-
series...”

P328, Eq. 14: This equation is incomplete, as is it returns zero
for an ideal model while the ideal value of the KGE criterion is 1
(as it is obvious from your results). The correct equation for the
KGE criterion is (Gupta et al., 2009):

KGE=1-/1-r)2+(1-a)?+(1-p3)?
That is right, this mistake will be corrected.

P329, L9: "The ANATEM model does not capture..." instead of
HdOH

This will be corrected in the revised version

P330, L15-18: By definition, the local model has no mean bias.
Please check the other values as well. When regarding the figure,
the mentioned values are not clear to me.

That is right, there were some mistakes with the values; here is the
proposed corrected paragraph:

"The distributions of criteria at the annual time-step (Fig. 8, right part)
confirm these statements:

o ANA has a moderate correlation (mean r close to 0.5), LM and ANATEM
have a rather good correlation (mean r greater than 0.8);
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e LM has no mean bias (by construction), ANA and ANATEM have a
moderate mean bias (less than 0.05);

o ANA has a noticeable variability bias (up to 0.15), TEM and ANATEM
have a limited variability bias (around 0.03).

The hierarchy between the three models is comparable at daily and monthly
time-steps, with KGE values ranging from 0.85 to 0.7 for ANA, ranging from
0.78 to 0.88 for LM and ranging from 0.73 to 0.85 for ANATEM (Fig. 8).
ANA is clearly poor at a daily timestep, with a very limited correlation (v less
than 0.4). The mean criteria are higher at a monthly time-step and similar
at daily and annual time-steps. As for air temperature, this highlights the
difficulty of the models to reproduce the low and high frequency variability
while the intra-annual variability is well-captured.”

P330, L25: intra-annual?
Yes, this will be corrected.

P332, L6: Do you mean « instead of g 7
Line 6 is correct. Line 7 should be “(mean r between 0.94 and 0.99)”
instead of “(mean B between 0.95 and 0.99)”

P332, L15-16: Please check these values carefully as they seem
to differ from the values in the figure.
Yes there is again a problem with the values, the corrected sentence
is: “This 4s also expressed by mean KGE values, ranging from 0.25 to 0.87
for ANA, from 0.88 to 0.99 for LM and from 0.92 to 0.97 for ANATEM
respectively.”

P333, L14-15: Do you mean "spatial robustness"?

This comment is unclear to us. If it means that the "spatial robustness"
is not well explained, we propose to complete the text P331 L22 as follows:
"At different time-steps and for different criteria, ANA also exhibits a rather
good spatial robustness of performances (i. e., homogeneity of the results at
a regional scale, which could be expressed by a rather limited spread of the
distribution, as shown by the distance between quantile 0.1 and 0.9)"

P334, L11-16: Please add a brief description how to relate your
statements in the text to the findings achieved through evaluating
the figure (e.g., ANATEM-ANA is suitable to investigate the con-
tribution of LM,...). This might improve the comprehensibility of
the model inter-comparison.

We propose the new following formulation: "The contribution of LM
model to the performance of ANATEM s highlighted by the difference of
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performance between ANATEM and ANA models, showed in Fig. 12d. This
contribution decreases from south-west to north-east, ranging from 0.06 to
0.04. Conversely, the contribution of ANA model to ANATEM performance
(showed in Fig. 12e presenting the difference of performance between ANATEM
and LM models), slightly increases from south-west to north-east, ranging
from 0.0 to 0.02. The contribution of large scale information (through ANA
model) is stronger when LM model (local information) is less efficient, that
is, when the location at reconstruction s far from the reference temperature
station. "

P334, L. 23: 0.69 to 0.89
OK

P335, L5: This statement is somewhat confusing, as 1 would
expect the spatial distribution to be dependent on the distance to
the Gap meteorological station

Here is the proposed new sentence : “Conwversely, the contribution of ANA
to the performance of ANATEM is close to zero for the stations closest to
Gap and slightly increases (up to 0.07) with the distance to Gap (Fig. 13¢).”

P336, 1.9-12: Please define “annual precipitation multiplicative
anomaly” plotted in Fig. 15 (0.5 = 150% precipitation depth with
respect to the mean value?).

We will slightly modify the paragraph (p. 336 L9-12): "Figure 15 presents
the 1883-2010 annual multiplicative anomaly time-series of precipitation re-
constructed with ANATEM for the 22 watersheds along with five precipitation
HISTALP series (Aiz-en-Provence, Nice (Cap-Ferrat), Orange, Saint-Paul-
les-Durance and Toulon).For both the reconstructions and the HISTALP se-
ries, the mean smoothed series is also given.”

We will also add the following sentence in the caption of Fig. 15 : “The
multiplicative anomaly for a given year has been computed as the ratio be-
tween the annual precipitation for this year and the 1883-2010 mean.”

P350, Fig. 4: In my opinion, the term “observed precipitation” is
confusing as these values represent the analogue days (which have
been derived from observations).

We propose the following sentence: “Left panel: observed precipitation at
the target site for each of the analogue days as a function of the precipitation
estimate from LM for these same days.”

P358, Fig. 12, P359, Fig. 13: These figures are difficult to read.
The numbers on the map are too small in my opinion. I would
suggest rearranging the panels of both figures and adjust their
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size. Would it make sense to create a new figure that includes the
panels d and e of Fig. 12 and 13, respectively? You could increase
the size of each panel, which would greatly improve readability

It is true that the figure can’t be correctly read in the current format, but
they have been produced in a portrait layout thinking on the final format of
the page(e;g. in the format of the HESS journal). It does therefore not really
fit with the current format which is that of the HESS Discussion publications.
Don’t you think that they would be readable in the final format?

We nevertheless retain you suggestion and will see what the possibilities
to improve readability are.

10
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Response to reviewer #2

General comments

The authors would first like to thank Referee #2 for his positive evaluation
and for his interesting questions and suggestions. The answers to the general
comments are detailed below

It might be important to tell why those 2 geopotential heights
were chosen.
For our domain, these geopotential fields were found to be the most
informative predictors by Bontron (2004). We can add this sentence p322,
line 18.

According to the spatial grid upon which the ANA model is
based, it would be worth precising that large-scale information
refers here to meso-scale circulation (rather than large synoptic
scale).

That is right, we will correct this in the revised version.

p-320 : The authors mention a general, stochastic form of the
local model and then state they would only consider uncertainty
using the ANA model turned probabilistic by taking 50 analog
days instead of the only nearest one. But what would have been
the value-added of using a stochastic LM instead of a pure deter-
ministic model ?

We decided not to present the use of a stochastic LM mainly because of
the statistical distribution of precipitation residuals which is not straightfor-
ward to model. This would have also introduced some additional complexity
level in the ANATEM formulation, which we wanted to avoid. We however
agree that introducing a stochastic LM is obviously one of the points that
would be worth to explore as a perspective of our work. This would how-
ever potentially require some other approach for combining ANA and LM
estimates. A major advantage of using different combination methods as
suggested in the conclusion (p338 1.21-27) would be actually the possibil-
ity to combine two probabilistic models. Another advantage of a stochastic
LM would be also to that it would allow an extended comparison of the
three LM, ANA and ANATEM reconstruction with probabilistic scores (This
probabilistic evaluation was for instance carried out for both the ANA and
ANATEM approaches in Kuentz 2013).

Upon which criteria was the spatial domain chosen in order to
implement the analog model ?

11
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The predictor spatial domain was optimized by maximizing the mean
performance of the prediction for a number of precipitation stations over
south-eastern France. The performance was estimated from the mean over
the simulation period 1953-1993 of the Ranked Probability Score (RPS) (Ep-
stein, 1969; Murphy, 1971). The spatial domain optimization results from
the exploration of different growing rectangular analogy domain, as explained
by Obled et al. (2002).

I would recommend presenting the ANATEM model for precip of
section 3.3.2 another way : as is, it is not clear what the rationale
was that eventually lead to such a formu- lation, although the
results and mathematical formulation show the model is definitely
appropriate for dealing with both low and high values issues. For
instance, the Dufour and Garc¢on (1997) reference is very difficult
to obtain whereas it is needed to under- stand how parameters
a(k,d) and b(k,d) were defined. I would suggest adding a short
description of it.

As explained in our response to referee 1, we acknowledge that the refer-
ence, which is an EDF internal report, is not published. We made neverthe-
less this choice because we already had an experience with this formulation
in the field of data assimilation for operational streamflow forecasts. This
formulation is used to post-process streamflow forecasts based on the analysis
of Rainfall-Runoff model past residuals. Despite its rather empirical nature,
the formulation proved to give satisfactory results for this post-processing
application. Depending on the current hydrological processes, we may prefer
to make a "multiplicative" post-processing of the forecast (typically during
drought events) or an "additive" post-processing of the forecast (typically
during floods). Due to these two basic properties, we decided to use this for-
mulation for ANATEM, suitable with the problems encountered with rainfall.
Another formulation could be obviously tested (as suggested by one of the
examiner of Anna Kuentz PhD). Note however that this would not change
the principle of the ANATEM combination. We also expect it would not
drastically change the conclusions of our work.

ag and bfl coeflicients are deduced from two conditions proposed by Du-
four and Gargon (1997) :

. Pynak
e The slope of the tangent to the curve in z = 0 should be | 7——*—

LM,ANA/;
e When P,y Ak = Praan AR the following should be obtained : ]35 =
P

The first condition has been imposed empirically and selected because
it gave satisfactory results, while the second condition is logically deduced
from the idea of the correction model.

12
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The first condition gives the equality :

2
k P, Ak
afd . ANAd
d = 5—4—
bg PLM,ANA];

The second condition gives the equivalence relation :

_ _ k_ 1k
Prnak = Poyanak < Td = =5 E T4 = by
From these two relations the coefficients can be defined as :

2
(PLM,ANA§>

k k
at =P ¢ and b =
d = Fanak d Pyah

Note that in the paper there are some notation mistakes that will be
corrected: the value of the local model for day d is sometimes noted LMy
instead of Pr g

Do you think it would be worth adding the description of these two
conditions in the paper 7

Also, explain eq.11 (just mention it comes from Taylor expan-
sion)
We will add the mention of Taylor expansion in the revised version. You
can find the details of the calculations below.
Using the usual first order Taylor expansion (1 4+ y)~! = 1+ y + o(y)

k

when y is close to 0 for the variable y = %‘i :

ak AN ak b
xd-(l—i—x—d)-(l—i—m—d) ~ xd-(l—i—x—d)-(l—E)Whenmd%—i—oo
After expansion,

k

k b
:cd~<1+g—‘; '<1—ﬁ):xd+a§—b§+

k.pk
agbg
Zd

The last term tends to 0 when x tends to infinity.

Minor comments and suggestions

Thank you for these detailed suggestions and corrections that will be inte-
grated in the revised version.

Figure 10 should have been (and will be) deleted, since it is the same as
Figure 9 with a larger scale (but ANA results are not seen in Fig. 9 because
they are very poor). This sentence will be added in the caption of figure 9 :
“For the annual time step, ANA results are smaller than 0.6; they therefore
do not appear on the figure.”

13
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Response to reviewer #3

The authors are grateful to Referee #3 for his positive evaluation, his in-
teresting comments and detailed corrections. The answers to the general
and specific comments, as well as for a selection of technical comments are
detailed below.

General comments

I am writing with some advantage, as two earlier reviews have
already been made. Disagreeing with them on one point, I did
not find the manuscript particularly well written. Some effort
should be placed in order to make it so. Future contributions
would benefit enormously from the review of a native speaker.

The revised version of the manuscript will be reviewed by a native speaker.

The presented results are encouraging. Nonetheless, in many ex-
amples there is relatively little improvement from the application
of a simple linear regression and ANATEM. I believe the biggest
advantage of applying ANATEM is not the improved accuracy of
mean estimates, but rather the representation of uncertainty it
produces. This is not sufficiently emphasized in the text.

We agree with reviewer #3 that there might be a limited improvement
of ANATEM, compared to linear regression. However, in our opinion, the
other improvement is to give a better spatial robustness of the results. We
also agree that another interest of ANATEM is to produce a representation
of uncertainties, which is rather difficult concerning precipitation with a
linear model (Wu et al., 2011). Another improvement of the modelling of
precipitation uncertainty is that it is conditioned by atmospheric circulation
patterns.

The following paragraph (p. 323 1.13-15) :

"The originality and the strength of the ANATEM method introduced here
s to combine the two previous models and to consequently take advantage of
both local and large scale information.”

has been modified as :

“The originality and strength of the ANATEM model introduced here lies in
an approach that combines the two previous models. In this way, it can take
advantage of both local and large scale information and produce an origi-
nal representation of uncertainties, conditioned by atmospheric circulation
patterns.”

This sentence has also been added to the conclusion (after p338 1.2):
“Besides these results in terms of performances, the ANATEM model pro-
vides an original representation of uncertainties, which are conditioned by

14
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atmospheric circulation patterns through the use of an ensemble of analogue
days.”

The introduction is interesting and provides a nice overview of
the scientific relevance of the work and the challenges associated
with it. I would have benefited, however, from a deeper overview
of mathematical models and approaches employed to similar ends.
ANATEM is solely compared with linear regression (a very sim-
ple model) and the analog method (developed in 1969). Ideally, it
should be compared with more recent and potentially more per-
forming alternatives (one that instantly comes to mind is non-
linear regression). Understanding that this could require a large
amount of work, I believe the authors should introduce at least a
list of “competing” models.

We agree with reviewer #3 and ANATEM has only been compared to
rather simple and classical models (analog method and linear regression).

This paragraph has been added in the introduction (after p.315 1.27):
"A classical reconstruction is obtained using external data (prozy data) from
long-term series of observations available from one or several neighbour-
ing stations. The most popular reconstruction approach is based on lin-
ear (multiple-)regression models but a variety of other approaches have been
proposed, including non-linear multiple regression (e.g. neural networks),
kriging methods and copula based methods (Coulibaly and Evora, 2007; Tee-
gavarapu, 2012; Bdrdossy and Pegram, 2014)."

Although straightforward in hindsight, I found the goals of the
work hard to precise at the first stages of the reading. I recommend
that a graphical scheme is added to the manuscript in order to
facilitate its reading. Also, I believe a simple scheme covering what
periods and stations are used in order to calibrate the models, as
well as what periods and stations are used in their evaluation would
be worthwhile.

As suggested, a graphical scheme (Fig. 1) representing the three methods
compared in the study has been added.

Finally, from the introduction and conclusion sections, one is in-
clined to think the manuscript is focused on the analysis of “long-
term” climate records. From the remaining sections it appears the
focus is on the proposal and evaluation of the novel ANATEM
model that aims at reconstructing (not analyzing) long-term se-
ries. I consider the introduction of ANATEM a worthy objective
and find the introduction and conclusion sections a bit misleading.

15
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Perhaps they could be adapted in order to increase the value of
the paper.

Some changes have been made in the introduction, we hope that the
focus of the paper is now easier to understand from it.

Specific comments

As mentioned before, the manuscript could probably benefit
from a number of writing corrections. One prevalent issue is the
use of the word "we", which I believe should be avoided. In the
technical corrections, below, the authors will find some sugges-
tions.

As suggested, the revised version of the manuscript has been reviewed
by a native speaker.

There is a fair amount of text which, in essence, is explaining
how a simple linear regression works and how it is applied to the
problem at hand. This occurs in §3.1 and, again, in §3.3.1. I hope
readers will be mostly familiar with such concepts. If the sections
could be made shorter, particularly, 3.3.1, it would add to the
clarity and flow of the text. (and technical comment “4.13 Page
324 1. 10-25. + page 325 1.1-5 : Review this section. This is too
long in order to explain something as well established as a simple
linear regression. The equations are also a bit redundant in my
opinion.”)

We have reduced both paragraphs 3.1 and 3.3.1.

The paragraph 3.1 (p319 1.9-26) has been replaced with :
"A classical method used for climatic reconstructions is based on regression-
like models, where predictors should be well correlated with the data to be
reconstructed. This model is calibrated against observations during the ob-
servation period. In the following, the principle of the local model (LM) is to
reconstruct the target series (referred to as Tg) from a local neighbour series
(referred to as Ne) using a classical linear regression model. "

The paragraph 3.3.1 (p324 1.2 to p325 1.8) has been replaced with :

"The probabilistic air temperature prediction from the ANATEM model
for day d has the following expression:

~

[fﬁNATEM(d)} bl Tom(d) + | T(dk) — fLM(dk) k=1..n 1)

where {T\ENATEM(d)} is the ensemble of reconstructed values for the

target day d (ANAIEM..gtandS for "Combined Model” and refers to the
ANATEM model), Try(d) the air temperature estimate obtained with LM

16
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for target day d, dj the k* analogue day selected for target day d, T(d})
the observed air temperature for this k" analogue day and fLM(dk) the air
temperature estimate obtained with the local model (LM) for the same day
dy.

In this expression, |T(dg) — Tra(dy)| is the error obtained with the LM

model when it is applied to estimate the temperature of the k™ analogue day
dj,.

The statistical dressing of the LM prediction for the target day d can
be simply represented on a graph in a (Tpy,T) space, as shown in Fig. 3
(right). In this figure, the green point is the value obtained for the target
day with the LM model. The different blue crosses in the y direction around
this estimate define the distribution of the n errors obtained with the LM
model respectively applied to the n analogue days. Fach cross is simply the
intercept of two lines: the vertical line at the fLM(d) value on the x axis and
the 1:1 line passing through the point (fLM(dk), T(dy)). This is illustrated
for a given analogue day in Fig. 3 (left).”

The methods are applied using only one neighbouring station.
Why not to use more? If more were available a range of inter-
polation techniques would become available (e.g. Kriging with
covariates: KED, co-Kriging, universal Kriging).

We agree with reviewer #3 that more sophisticated interpolation tech-
niques could be interesting when multiple stations were available. In this case
study on the Durance watershed, only one station for precipitation and one
station for temperature have been found with data available on the whole
reconstruction period (1883-2010). This is the reason why the model has
been developed with only one neighbouring station. As mentioned in the
conclusion (p339 1.2-4), it would be worth to use more if more were avail-
able. This was however not the case for our study. The following sentences
of the conclusion were probably misleading with this respect.

Extract from the discussion version (p339 1.1-4):

“A thorough sensitivity analysis to the selection of the reference time-series
should be carried out. Considering the importance of local information, an
extension of the method should also consider the possibility to make use of all
historical stations available in the close or farer neighbourhood of the region
under construction.”

We thus modified it. It now reads:

“A thorough analysis of the sensitivity to the choice of the reference time se-
ries should be carried out. Considering the importance of local information,
an extension of the method should also consider the possibility of making use
of other historical stations, if available, in the neighbourhood of the region of
reconstruction. Cases with multiple historical stations available would open
the door to other alternative reconstruction approaches (as stated in the in-
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troduction).”

Notation could be revised. Estimates are denoted with a circum-
flex accent in some parts of the manuscript, yet not throughout.
They should be. An example is §3.3.1, line 11 “... Ty 4 is the air
temperature estimate ...”

According to this suggestion and to the editor comment, mathematical
notations of the whole paper have been revised in the final version.

Figures 12 and 13 are too small and hard to read. Also, there is
some spelling in French (besides the location names, evidently).

These figures have been modified in the revised version, the two figures

have been split into three figures (see new figures attached to this comment).

In the analysis sections, the authors refer the stations by their
name, but this can become confusing. To some extent they could
make use of the numbers put forward in Figure 1.

That is true, the numbers used in Fig. 1 and Tab. 1 have been added in
the text when a reference is made to a station name.

Personally, I find the claims based on the correlation metric are
taken too far. For instants, why does a high correlation show that
a model captures well both short and long-term variability?

The correlation coefficients have been computed comparing the observed
and reconstructed time-series at different aggregation time-steps. The corre-
lation estimated on the daily (resp. annual) series gives information on the
capacity of the model to reproduce the high-frequency (resp. low-frequency)
variability.

For more clarity, the terms “short-term variability” and “long-term vari-
ability” have been replaced by “high-frequency variability” and “low-frequency
variability” respectively (e.g. p. 332 1.6).

More importantly, I have doubts regarding the interpretation of
figures 12 and 13. Low differences in terms of correlation should
hint that the models are very similar. For instants, a low corre-
lation difference between ANATEM and LM, should mean that
most of the information contained in ANATEM comes from LM.
I am not sure the analyses of the figure’s results — particularly
regarding spatial patterns — go in that sense.

The reviewer is right. This is the first result to highlight. We wanted also
nevertheless to highlight the noticeable spatial pattern of these contributions,
which are highly dependent on the distance to the reference station. We have
modified the text accordingly :
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Extract from the discussion version (p. 334 1.11-16) :
“The contribution of LM model (Fig. 12d) to the performance of ANATEM,
decreases from south-west to north-east, ranging from 0.06 to 0.04. Con-
versely, the contribution of ANA model (Fig. 12e) to the performance of
ANATEM, slightly increases from southwest to north-east, ranging from 0.0
to 0.02. The contribution of large scale information 15 (through ANA model)
is stronger when LM model (local information) is less efficient, that is, when
the location at reconstruction is far from the reference temperature station.”

Modified paragraph :
“The contribution of the LM (resp. ANA) model to the performance of the
ANATEM model is presented in Fig. 11d (resp. 1le). It is estimated by
the difference between the performance of the ANATEM and ANA (resp.
LM) models. The contribution of the LM model is much higher than that of
ANA, whatever the location, meaning that most of the information provided
by ANATEM comes from LM. Note however that for both the LM and ANA
models, the contribution of the model presents a clear south-west to north-
east gradient, which decreases for LM (from 0.06 to 0.04) and increases
for ANA (from 0.0 to 0.02). The contribution of large-scale information
(through the ANA model) is stronger when the LM model (local information)
1s less effective, that is, when the location to be reconstructed is far from the
reference temperature station.”

A similar clarification has been added in the paragraph 4.4.2 about pre-
cipitation reconstructions.

Extract from the discussion version (p.335 1.1-5) :
“ANATEM increases the global reconstruction performance but it also no-
tably smooths local contrasts. The contribution of LM to the performance of
ANATEM decreases as the distance to Gap increases, ranging from 0.22 to
0.02 (Fig. 13d). Conversely, the contribution of ANA to the performance
of ANATEM slightly increases from south-west to 5 north-east, ranging from
0.0 to 0.07 (Fig. 13e¢).”

Modified paragraph:
“ANATEM slightly increases the overall reconstruction performance but at
the same time notably smoothes local contrasts. The contribution of LM
to the performance of ANATEM is generally higher than that of ANA, but
decreases as the distance from Gap increases, ranging from 0.22 to 0.02 (Fig.
12d). On the other hand, the contribution of ANA to the performance of
ANATEM is close to 0 for the stations closest to Gap and slightly increases
(up to 0.07) with the distance from Gap (Fig. 12e).”

Also, the references to plots d) and e) might be switched.
The references are not switched but we agree that the legend was perhaps
confusing. It has been changed to:
“Spatial patterns of (d) the contribution of the LM model to ANATEM perfor-
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mance (estimated by the difference between the performance of the ANATEM
and ANA models) and of (e) the contribution of the ANA model to ANATEM

performance (estimated by the difference between the performance of the

ANATEM and LM models)”

The conclusion ends with the mention of an application of the
ANATEM results to the reconstruction of hydrological long-term
series. I can imagine why the authors — having conducted the work
— felt inclined to add this to the manuscript. 1 also believe that,
however interesting the topic is, it requires a number of additional
considerations which have not, nor should be, addressed in the
present contribution. The paper is already valuable due to the
introduction of ANATEM - particularly its uncertainty estimation
feature. I see no need to close it with a 15-line long reference to
another work.

We have drastically reduced this 15-lines reference to this natural exten-
sion of the work (see new version in the technical comments). We expect
actually to publish it in a fully dedicated publication.

Technical corrections

Most of the technical corrections suggested by referee #3 have been made
in the revised version. We answer below to a selection of them that doesn’t
imply only phrasing or spelling but could also impact understanding.

4.11 Page 322. 24. Please clarify what a moving seasonal filter
is. What was the window size, etc.
The clarification is given in the following sentence. The point has been
replaced by a column to evidence the link between the two sentences. We
also replaced “a moving seasonal filter” by “a moving calendar filter”.

4.12 Page 323. 16-25. An overall confusing paragraph. Should

be rephrased with an emphasis on clarity.
Paragraph from the discussion version:

“The principle of ANATEM is the following: the local variable reconstructed
for the target day d is the local variable estimate obtained by the local model,
corrected by the errors of the Local Model identified when it is applied for the
prediction of the local variable on the n analogs days. In other words, for
any target day, the Analog Model ANA allows the identification of n analog
days in terms of atmospheric circulation (see Sect. 3.2). The n prediction
errors respectively obtained when the Local Model LM is used for predicting
the local observed value for each of these n days are used to define the error
distribution associated to the prediction obtained with the Local Model for the
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target day d. The prediction obtained with ANATEM for the target day is
therefore probabilistic.”
New modified paragraph:

“The principle of ANATEM is the following: for any target day, the analogue
model allows the identification of n analogue days in terms of atmospheric
circulation (see Section 3.2). The local model is then used to obtain an
estimate of the variable to be reconstructed (precipitation or air temperature
at the target site) for each of the selected analogue days. These n estimates
are respectively compared with the corresponding observed values for these n
days, allowing the calculation of n predictions errors. These n error values
are finally used to define the error distribution associated with the prediction
obtained with the local model for the target day d. The prediction obtained
with ANATEM for the target day is therefore probabilistic.”

4.20 Page 331. 1-12. Please rephrase the section.

Paragraph from the discussion version:
“For the sake of conciseness, we consider here for the evaluation only one
reference time-series for each model. For the Local Model, this is simply the
reconstruction obtained with the model. For the probabilistic reconstruction
models ANA and ANATEM, this is the mean time-series derived from the
ensemble of 50 time-series reconstructions (the daily value for a given day is
the mean of the probabilistic reconstruction for this day). As it will be noticed
later, these mean time series obviously present a much lower variability than
each time series of the reconstruction ensemble. For the sake of simplicity,
these mean time series will be also referred to as reconstructed time series.
In the following, the performance of a given model will be presented with the
distributions of r, o, B and KGE criteria obtained for the 22 watersheds at
the daily, monthly and annual time-steps.”

New modified paragraph:
“For the sake of readability, only one time series is considered for each model.
ANA and ANATEM probabilistic reconstructions are represented by the mean
time series derived from the ensemble (the daily reconstructed value for a
given day is the mean of the 50 probabilistic reconstructions for this day).
For the sake of simplicity, these mean time series will be referred to as the
reconstructed time series in the following. As will be illustrated later, note
that these ensemble mean time series logically present a much lower temporal
variability than each individual component of the reconstruction ensemble.
In the following, the performance of a given model will be presented with the
distributions of r, a, B and KGE criteria obtained for the 22 watersheds at
the daily, monthly and annual time steps.”

4.23 Page 334. 24-25 Rephrase.
Paragraph from the discussion version:
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“However, the similarity in terms of large scale forcing influences probably
influences the performance. Hence, two watersheds at the same distance
to the Gap station have rather different performances (i.e. Buech watershed
have a very good correlation of 0.88 and the Durance ot Briangon a moderate
correlation of 0.77).”
New proposed paragraph:

“However, the distance from the local reference station is probably not the
only factor influencing performance, as two watersheds at the same distance
from the Gap station displayed somewhat different performance (i.e. the re-
constructions for the Buech watershed — #10 in Fig. 1 — have a very good
correlation of 0.88 and the reconstructions for the Durance at Brian¢on wa-
tershed — #3 in Fig. 1 — a moderate correlation of 0.77). This could be due to
large-scale climatic influences that give some watersheds a higher proximity
to Gap in terms of the precipitation pattern.”

4.24 Page 335. 18-20. What does the sentence inform the reader
about really? The variability is even larger from year to year...By
the other hand, the periods referred to are not related to long-term
trends. ..

Sentence in the discussion version:
“This series (red curve in Fig. 14) highlights a relatively strong variability:
mean air temperature can vary of nearly 1°C in less than 10 years (e.g.:
1890-1900, 1940-1950).”

This sentence has been removed.

4.25 Page 336. 18-20. Please clarify what is meant, give values,

and check phrasing.

Paragraph in the discussion version:
“ANATEM series present a very homogeneous temporal behaviour when com-
pared to the high dispersion observed between the five HISTALP series. This
may be partly explained by the fact that ANATEM series are reconstructed
for all watersheds based on a same reference series (Gap). The main reason
1§ however probably the high spatial variability of precipitation and the fact
that HISTALP series cover a much wider spatial domain than ANATEM
series. The low dispersion between the reconstructed series is otherwise co-
herent with the limited dispersion obtained between time-series observed for
the same 22 watersheds on the observation period (not shown here).”

New modified paragraph:
“The dispersion between the 22 ANATEM reconstructed time series is rel-
atiwely low. It is actually similar to the dispersion obtained between the
time series of observations available for the same 22 watersheds over the
1960-2010 period (not shown here). The dispersion observed between the five
HISTALP series is comparatively much higher. This may be partly explained
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by the fact that the ANATEM series are reconstructed for all watersheds
based on a same reference series (Gap). The main reason is however proba-
bly that the HISTALP series cover a much wider spatial domain with a high
spatial variability of atmospheric influences and thus precipitation regimes
and times series.”

4.28 Page 339. 7-10. Could be improved. Please rephrase.

Paragraph in the discussion version:
“The region we have considered covers a rather narrow domain. However,
we can expect that the interest of the reference station is much lower if we
would do reconstructions for much more distant locations. We can expect
conversely that the relative interest of the large scale information would be
much larger for distant sites.”

New proposed paragraph:
“The region considered in the present study is relatively small. The impor-
tance of the reference station would be expected to decrease for reconstructions
concerning larger regions. At the same time, in such cases, the contribution
of the large-scale information would be expected to be higher.”

20-end. Too long and, in my opinion, off topic and not needed

to value the paper.
Paragraph in the discussion version:
“A major application of such reconstructions will be obviously the possibility
to reconstruct long term variations for a number of climate driven variables.
As an illustration, the long-term climatic time-series produced in the present
work have been used for reconstructing long-term hydrological time-series at
multiple hydrometric stations of the Durance basin (Kuentz, 2013; Mathevet
et al., 2013).
(line 20) An outstanding result of this reconstruction is that the time series
obtained for the whole 20th century present a very high correlation level with
historical discharges time series obtained from rescued hydrometric archives
for the catchment. In our case, the availability of historical streamflow time
series allowed us to demonstrate the overall quality of the meteorological re-
construction. This independent hydrological validation is not expected to be
feasible everywhere but it gives high confidence in this hydrometeorological
reconstruction approach. Even when such an independent validation cannot
be carried out, the reconstructed time series definitively produce a high-value
information for researchers or water resources managers. Further works for
other hydroclimatic contexts are therefore also worth to better identify the
potential of the method and the possibility for improving it.”
The end from (line 20) has been replaced by:

“Thanks to the availability of long observed discharge series, this study pro-
vided an independent hydrological validation of the climatic reconstructions
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Abstract

tmpreving—Efforts to improve the understanding of past climatic or hydrologic variabil-
ity has-received-alarge-atiention-in-different-have received a great deal of attention in
various fields of geosciences ;-such as glaciology, dendrochronology, sedimentology of
and hydrology. Based on different proxies, each research community produces different
kinekinds of climatic or hydrologic reanalyses ;—at different spatio-temporal scales and
resotutionresolutions. When considering climate or hydrology, aumerous—studies—aim—at
many studies have been devoted to characterising variability, trends or breaks using ob-
served time-series-eftime series representing different regions or etimate-efclimates of the
world. However, in hydrology, these studies are-usually-limited-toreduced-temporal-scale
{mainly-few-decades;seldomby-have usually been limited to short temporal scales (mainly a
few decades and more rarely a century) because they are-fimited-to-observed-time-series;
that-suffers-require observed time series (which suffer from a limited spatio-temporal den-
sity).

This paper introduces anew-modet,-ANATEM, based-on—a-combination-of- ANATEM,
a _new _method that combines local observations and large—seale—climatic—infermations
large-scale climatic information (such as the 20CR Reanalysis) —TFhis-modet-altow-to build
long-term air temperature and precipitation time-series,—with—a—time series with a high
spatio-temporal resolution (daity-time-step,-one day and a few km?). ANATEM was tested
on the air temperature and precipitation time-series-time series of 22 watersheds situated
on-the-Durance-watershedin the Durance River basin, in the freneh-French Alps. Based
on a multi-criteria and multi-scale diagnrostiediagnosis, the results show that ANATEM im-
proves the perfermanees-performance of classical statistical models. ANATEM-modethave
been-validated-on-a-regionat-level-improving-The ANATEM model has been validated for
the regional scale, improving the spatial homogeneity of performances and-on independent
long-term time-series;-being-time series. It was able to capture the-regional low-frequency
variabilities-variability over more than a century (1883—2010).
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1 Introduction

md%WWWWM%HWMMMM

MW|ntr|nS|cally ansmg from its-the chaotlc and non- Imear nature —tnternat

the cllmate S stem have long been observed for a number of large but—alseg&\lvvvevllvggjocal
scale climate features (Madden) [1976).

In a non-stationary climate, multi-decadal variations can remain high-above-substantiall
above or below the long-term trend. In climate projections for the coming decades, they of-

ten represent-a-major-souree-oflead to large uncertainties (e.g.[Hawkins and Sutton, 2009;
Deser et al., [2012). For precipitation or hydrometeorological variables such as streamflow,
relateduncertainty canbe-aslarge oreverargerthan these uncertainties can even surpass
uncertainties due to climate models (e.g. [Terray and Boé, [2013; Lafaysse et al.,[2014).

Unfortunately, most climate change impact studies still do-retaccountforthis-uncertainty
souree—As-an-ltustrationfail to account for them. For example, projected climatic and hy-

drological scenarios for a given future lead time are classically compared to a so-called
reference period (around 30 years of data) expected to be representative of the recent cli-
mate context. As shown by [Hanggi and Weingartner| (2011) with a 200runoff-time-series
200-years runoff time series of the Rhine at Basel, the hydrological reference features are
however likely to highly depend on the period used for their estimation. In such a case, the
relevance of conclusions and/or adaptation recommendations formulated with-the-on the
basis of such a study may be questionable. fo-In_our opinion, they atteast-suffer from a

-certain lack of large historical perspective, which would at least require characterising the
multi-scale variability of climate variables.
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GCharaeterizing—Today, characterising the multi-scale variability of climate variables
appears-today-to-be-neeessary-would appear to be important (if not mandatory) to-ptit
into-perspeetive-in order to put future climate projections into perspective. Numerous stud-
ies worldwide have investigated past variability of climate and related variables. For-In
hydrology for instance, the following studies could be considered as representative for
France (Renard, 2006), Spain (Lorenzo-Lacruz et al., 2012), Germany (Renner and Bern-
hofer, [201 1) Europe (Stahl et al., 2010), Canada (Zhang et al., [2001), wes%Neﬁh—Ameﬁea
They are based on a set of observed time series avallable for the region of mterest. As
However, given that the density of observations is-was significantly lower before 1960 (Han-
nah et al., |2011), most time-series-however-time series usually cover a few decades only,
which is obviously not sufficient for a relevant analysis of mutltidecadal-multi-decadal varia-
tions (Mathevet and Gargon, [2010j;|Hannaford et al.,2013). Long-term historical time-series
time series (covering a period longer than 100 years) are of course the ideal material for this
such an analysis. Such historical series were-forinstance-have been used for the Loire river
in France (Renard, 2006), the Gelembia-Columbia and Missouri rivers in the USA (Rood
et al. [2005), the Murray-Darling basin in Australia (CSIRO, [2010) or-mere—+eecentlyand,
more recently, for a larger panet-set of French stations by |Boé and Habets| (2013). Long-
term streamflow time-series-are-obviousty rathertime series are rare, with a -typically very
low spatial density. Some could still be resetued-recovered from various national and re-
gional archives-archive sources but the reseue-recovery process is long and requires de-
manding hgitizing-digitising and quality check phases. Finally, the temporal homogeneity
of data is often questionable (e.g. because of the evolution of measurement practices as
shown in |Kuentz et al., 2012, 2014, anthropogenic influences, etc.)preventing-, hindering
the use of seriesforthe-some series for variability analysis.

Charaeterizing-thetong-term-Characterising the low-frequency variability of climate and
related variables from observations is therefore tisuattyriet-seldom possible. An alternative
is to reconstruct the past temporal variations of the variable of interest. A number of recon-
struction approaches have been presented for numerous fields of geosciences. They can
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use environmental markers tike-for-instanece-such as tree rings (Frank and Esper, 2005) ;-or
lake sediments (Wilhelm et al., 2013, 2012), narrative evidences-gvidence of droughts (Pfis-|

|.,[2006) ;-or geochemical tracers in ice eere-cores from glaciers (]MI, 2007).
Fer-thereeenstruction-of past-streamflows-variatiens;-Simulations provide an efficient way
is-simulation;-where-simulated-discharges—to _reconstruct past flow variations. Simulated
discharge times series are obtained with-using a hydrological model frer-forced with past
variations of meteorological variables available for the region. n—some—particutar-eases;
When meteorologlcal observatlons requwed for such aﬁaﬁakys&mayeeve%aﬂﬁueh%eﬂger

aeaseﬂ%eteefde@ealﬂaf& nal sis do not coverthe Whole tar et erlod they can also be
reconstructed. A classical reconstruction is obtained using external data (proxy data) from

leng-term-long-term series of observations available from one or several neighbouring sta-

tions. The most popular reconstruction approach is based on linear (multiple-)regression

models but a variety of other approaches have been proposed, including non-linear
multiple regression (e.g. neural networks), kriging methods and copula based methods

(Coulibaly and Evoral, [2007]; Teegavarapul, 2012; Bardossy and Pegram, [2014) .
Local meteorological data can alternatively be reconstructed from past climate varia-

tions. The recent release of two major atmospheric reanalyses for-the-covering the entire
20th century (from 1871 te-present-yearfor the NOAA 20CR, [Compo et al., [2011] ;-and

from 1900 for the ECMWF ERA-20C, [Poli et al., 2013) present-provides a great opportu-
nity for such a reconstruction. As-Unfortunately, their spatial and temporal resolutions de

unfertunately-rarely fit the resolution standards-needs (typically sub-daily time step, up to

1000 km?) required for hydrological applications, the reconstruction of km2) of hydrological

lications. In such a case, the required local meteorological data is-can be obtained
through downscaling.

This study compares 3 different statistical approaches for the reconstruction of high
resolution-high-resolution precipitation and temperature data. Reconstructions are respec-
tively obtained from observations available at a neighbouring station, from targe—seale

5
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Wmmmosphenc variables extracted from the 20CR Feaﬂalyses—&ﬁd
reanalysis
M&m@%@@%@%@@i@%&m@aﬂm
applied in similar studies, the last ene-is-original-as-itis an original approach in that makes
use of both local observations and large—scale—atmospheric-informationsimultanecusty:
large-scale atmospheric information. The principle of reconstructions obtained with the 3
approaches is illustrated in Fig. [[I Reconstructions are built at a daily time seale-step
for the 22 subcatchments of the Upper Durance River basin, a mesoscale catchment lo-
cated in the Setth-Eastern-south-eastern Alps. They were-produced-or-furtherhydrotogicat

reconstructions—for-have been produced for hydrological reconstructions covering the past
140 years. An exhaustive evaluation of the whole hydrological reconstruction process can

be found in |Kuentz| (2013).

The Upper Durance River basin ;-as well as the meteorological and atmospheric data
are presented in Sect. [2| The three reconstruction models are presented in Sect. [3—Fhey
are-and evaluated and compared in Sect. [4] Section [5| shertly-discusses—thetong-term
briefly discusses the low-frequency climatic variability reconstructed over the 1870-2010
periodwith-the-models. Finally, conclusions and perspectives ef-emanating from this work
are given in Sect. [g

2 Data
2.1 Case study location and spatial climatic inputs

The three methods have been applied for the reconstruction of mean areal temperature and
precipitations of 22 sub-basins of the Durance River basin, a mesoscale alpine watershed
located in Seuth-Eastern-south-eastern France (Fig. . The main characteristics of the
watersheds are detailed in Table[dl

Limitee-in-the-Nerth-Bounded in the north by the Ecrins Alpine-massif-mountain range
of the Alps and in the Seuth-south by the Mediterranean Sea, the various sub-watersheds

6
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highlight very-different efimatesubcatchments display very different climates. Upstream hy-
drological regimes are snew-dominatee-dominated by snow with high snowmelt flows in late
spring and early summer. When moving downstream, they become more Mediterranean
with additional autumn floods due to large rainfall amounts in this-that period.

Daily-For each watershed, daily mean areal air temperature and precipitation have-been
estimated-for-each-watershed-data over the 1948-2010 period have been taken from the
SPAZM meteorological analysis produced by Gottardi et al| (2012). In the following, the
1948-2010 period will be referred to as the “observed-observation period” and the SPAZM

series will be referred to as “observations” ;-attheugh-itis-not-direct-observations-but-even

though they are not direct recordings, but rather mean areal air temperature and precipita-
tion series ;-aggregated at the watershed scale from local observations of temperature and

precipitation (Gottardi et al., 2012).
2.2 LeecalLong local reference long-series

To reconstruct the mean areal air temperatures and precipitation of the 22 watersheds, we
searched-it was first necessary to search for the longest observed series on or near the
Durance watershed. In a technical report published in 1892, Imbeaux| (1892) reported four
4 air temperature and forty-40 precipitation measurement stations in the watershed and its
neighberhoedneighbourhood. Unfortunately, most data-of the data from these stations have
been lost —ery-and only very few and incomplete series are-stitt-avaitable nowadaysremain
available today. For precipitation, we-were-able-it was possible to rebuild a 1883-2010 se-
ries for the Gap location by merging two sources of data, provided respectively by Electric-
ité de France (EDF) and Météo-France. For air temperature, the nearest daily series found,
provided by Météo-France, was foune-ifn-for Marseille and covers the period 1868—2010.
For a qualitative assessment of the reconstructed series, we-also-considered-5 monthly
time series from the HISTALP project database (monthly series, |Auer et al., [2007) —TFhe
series-also-started-in-were also used. They also go back to the 1870’s. For air temperature,
the eorrespoending-selected stations are located around the Seuth-Eastern-south-eastern
part of the Alps, ifn-at Genova University, Milano-Brera, Montpellier, Nice airport and Nimes

7
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airport. For precipitation, they are guite—closer to the Durance watershed, located in the
cities of Aix-en-Provence, Nice (Cap-Ferrat), Orange, Saint-Paul-les-Durance and Toulon.

2.3 Largescale Large-scale climatic data

targe-secale—atmospheric-data—are-Large-scale atmospheric data (describing meso-scale
circulation) were extracted from the “20th Century Reanalysis” (“20CR”,|Compo et al., 2011)

from the project of the same name, supported by the US Department of Energy and by-the
Climate Program Office of the National Oceanic and Atmospheric Administration (NOAA).
This reanalysis has-been-was produced by assimilating only sea level pressure data, whict
allows-it-starting-as-seon-as-making it possible to go back to the end of the 19th century.
The reanalysis covers the 1871-2010 period.

In the present work, farge-seale-the large-scale variables used for the reconstruction are
the fields of geopotentiatheights-at-700 and 1000 hPa geopotential heights in the rectangu-

lar spatial domain situated between the-points<{longitudes 8° ©;38W and 12° N)yane{1+2E
and latitudes 38° £-N and 50° Nj--._

3 Methodology: mixing-combining two sources of information

In climatology er-and hydrology, the reconstruction of past climatic data is usually neces-
sary ;-either-to estimate missing values, assess data quality or build terg-term-long-term
climatic reanalyses. Different methods are classically used to reconstruct climatic ob-
servations. Some of them are only-solely based on the series at-reconstruction—itselt
being reconstructed (long-term average or regime methods, temporal interpolation tech-
nigues...), others are based on external data (proxy data) used to calibrate and run a re-
construction model For cllmatlc reconstructions, proxy data could a%he%be%ee&ke%re‘greﬁa}

%t&ﬁ@%mmmm
observations of different variables assumed to be linked to it.
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In the following section, we-present-the three methods used for the reconstruction are
presented. The first one uses local neighbour ebservation-observations of a similar proxy
(respectively, air temperature or precipitation observation). The second is basically a down-
scaling approach using regional targe—seate-large-scale information of a different proxy
(geopotential fields). The third ene-approach uses both proxiesat-a-time.

As in most reconstruction works, the-these methods rely on a period en-which-beth
proxy-data—and-data—over which both data at the reconstruction point are-avaitable—Fhis
concomitant-and proxy information are available (see Fig.[1). This period will be referred to
as the observation period. The reconstruction period is the period er-over which the recon-
struction model is applied:-t-eerresponds-, corresponding to the period where proxy data
are-avaitable-white-information is available but data is missing at the reconstruction point (in
the following, the reconstruction are also presented for the observation period).

3.1 Local information

A classical method used for climatic reconstructions is based on regression—like
regression-like models, where predictors are—-locat-ebserved-data—should be well corre-
lated with the data a%—reeeﬁs{rueﬂeﬂwm ThIS model is calibrated agalnst
observations

reeeeeﬁuehem&e%heeﬂ”e&eeee&aﬂe&b%%heﬂmderled%eﬂes—durm the observatlon

period.
In the foIIowmg, the semes«te%e—reeeﬁs%metedﬂmlkbeeeaHeeH&rgﬁ%eﬁes—e?g%ﬂed

tr-this-paperprinciple of the local model LM is to reconstruct the target series ;-a—tocal
observed-neighbour-series-will-be-used-through-a—simple—(referred to as Tg) from a local
neighbour series referred to as Ne) usin aclasswa linear regressron model%aHed%eea}
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LM X\ ma = Xnea+ 5 +€d

3.1.1 Air temperature reconstruction

For air temperature reconstruction, the LM model classically uses an additive correction,
assumed to be constant over time and mainly influenced by the difference-of attitude-altitude
difference between the target and neighbour series. However, even when the target and
neighbour series are very well correlated, residuals of such medets-tsuatty-exhibits-a model
usually exhibit a strong seasonal pattern. Then;-In this case, the LM model can be slightly
improved assuming-thatthe-additive-correetion-by applying an additive correction that varies
over time. In the present case, it is represented by a daily harmonic function, calibrated on
the interannual mean monthly residuals of the differences between the target series and
the neighbour series.
The toeat-Medetlocal model for air temperature reconstruction can thus be written as:

LM = TimaTim(d) = The,ne(d) + Ba(d) +a(d) (1)

where TEMTTM/)NIS the estimate of the target air temperature for the-day d, Tive.aIne(d)
is the value of the neighbour series temperature for this-the same day, 57-3(d) is the cor-
rection, funetion-ef-depending on the calendar day of the year, and =5-¢(d) is a residual
assumed to have zero mean.

In this-paper,-we-chose-to-use-this-modetthe present study this model has been used in
a deterministic way, that is without considering the residual term. Uncertainty is accounted
for in the mixed model as explained in Sect.

10
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3.1.2 Precipitation reconstruction

For precipitation reconstruction, the LM model classically uses a multiplicative correc-
tion, assumed to be constant over time. This multiplicative correction is moere—adeguate
forprecipitation-and-compatible with the asymmetrical distribution of precipitation values
(ro—negativevatuesnever negative). The correction factor is taken eenstant-att-over-to be

constant throughout the year. The improvement brought-by—obtained by using a variable
correction has nieverthetessbeen assessed and shown as-to be negligible (Kuentz, [2013).

The constant multiplicative correction factor is calibrated over the cemmen-data-availability
Q@§§£¥§D9£l period as:

" e Pre

()

where Pys-Pye is the mean value of the neighbour series and £rg-Pq is the mean value

of the target series, both calculated on-the-commen-data-avaitabitity-over the observation
period.

The tecat-Medetlocal model used for precipitation reconstruction reads:
LMg : PinaPun(d) = o Pre.ine(d) +e4(d) (3)

where P]jv]_fﬁ m(d) is the estimate of the target precipitation for the-day d, FrneaPye(d) is
the value of the neighbour series precipitation for this same day and =5-¢(d) is a residual

with zero mean. As-explained-previously-for-the-airtemperaturereconstructionOnce again,

a simple version of this model with a residual term coensidered-equal to zero is used in this

paper,-as-uneertainty-wiltbe-taken-inte-accountin-anotherwaythe present work.
3.2 Largescale Large-scale climatic information: the Analeg-analogue method

The second reconstruction method-is-the-analeg-model is based on the analogue method
introduced by [Lorenz| (1969). The-method-s—currently-Currently, this method is largely used
11
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to produce meteorological scenarios in the context of weather forecasting (Van Den Dool,
1989; Horton et al., [2012) or climate projections (Teng et al., 2012}; [Bourqui et al.l [2011};
Hingray et al., 2013). The method is seldom applied to the reconstruction of climatic series
over-the-past-as-made-as done by Timbal et al.| (2006). Nevertheless, the release of the
long atmospheric reanalyses for the 20th century opens doers-formore-development-ot-the
door to more such uses, allowing for-the reconstruction of long climatic series covering the
entire 20th century.

The anatog-analogue method is based on the fact that local meteorological variables

are strongly influenced by the state of the atmosphere and its circulation-at-the-synoptie
scale—As-long-as-a—tong-enough-meso-scale circulation. Provided that a sufficiently long
archive with concomitant local and targe-secale-large-scale observations is available, it is
then-therefore possible to produce local meteorological scenarios for any other day for which
the required targe-seate-large-scale atmospheric predictors are available. For this, the £n
days that are the most similar to the target day in terms of atmospheric circulation are first
identified in the archive. The surface meteorological variables observed for one of those

analog-days-are-nextused-as-analogue days are then used as the weather scenario for the
target day.

In euHMrLevaArgsAeArgwcase the archive is the SPAZM meteorolo ical _analysis

Matmosphenc predictors are available for each day of the 1883—-2010 period
covered by the 20CR atmospheric reanalysis, the method allows for-the reconstruction of
+27year-a 127-year time series of daily and local meteorological variables.

The Analeg-Medel-analogue method has some parameters to be set such as the type
of-the-and level of predictors, the number of anateg-analogue days selected for the pre-
diction, the spatial domain used to compute the similarity criterion or the similarity criterion
itself. Numerous variations of the anatog-analogue method have been developed. In the

present work, we-use-the-Analog-Medelthe analogue model (ANA) presented by [Obled
et al.|(2002) and further explored by Bontron and Obled| (2005), Ben Daoud et al.| (2010)and
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Hertenetak{26+2)-, [Horton et al.| (2012) and [Chardon et al| (2014) is used. Its main fea-

tures are presented below.

— The predictors are the geopotentiat-fields—at-700 and 1000 hPa for-the—times—©

eopotential height fields at times 00:00 and 24k:00. For the spatial domain of
the present stud these geopotential fields were found to be the most informative
predictors b n (2004) .

— The similarity criterion is proposed by |Teweles and Wobus| (1954). This score is based
on the shape of the geopotential fields and have-has been shown to perform better
than a classical Euclidean distance for this type of use (e.g.|Wetterhall et al., [2005).

— The spatial domain used to estimate the similarity includes all grid points between the
longitudes 8° W and 12° E and the-latitudes 38 and 50° N, with a step of 2°.

— A moving seasenat-calendar filter is used for the determination of candidate anatog

days—For-analogue days: for each target day, candidate anateg-days-are-days-which

catendar-day-is—analogue days are the days included in a 60days60-day interval
around the calendar day of the target.

The reconstruction is deterministic when only one anateg-analogue is used (classically the

nearest anateganalogue). The anatog-analogue day can be also selected among the n
nearest analogs—As-a-result-an-analogues. An ensemble of reconstructions can be pro-
duced —Fhis-aftows-eharacterizing-when all n nearest analogues are successively used
of reconstructions makes it possible to evaluate the uncertainty in the reconstruction. The
ensemble of reconstructions obtalned with the ANA model for the variable X and day
d will be written i ANAE —-as [X(dg)]lx=1.n Where
di]p=1. . refers to the n nearest aﬁaegﬁebﬁeﬁwh&gwmgm%day
d. In the present case, the selection-is-done-ameng-ensemble of reconstructions is obtained
from the 50 nearest anatogs-analogues (n = 50).
13
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3.3 Mixing formulation: the ANATEM methedmodel

Both local and targe-seate-large-scale predictors are available for the 1870-2010 period.
The LocatMeodeHocal model (LMand-the-Analog-Medel) and the analogue model (ANAean
be-therefore-) can therefore be used to produce two different reconstructions of precipitation
or air temperature for this period, one based on local observed data (another station with

available data), the other from large-secate-large-scale atmospheric information (syneptic
meso-scale variables). The originality and the-strength of the ANATEM method-introduced

here-is-to-eombine-model introduced here lies in an approach that combines the two previ-
ous modelsand-te-therefere-. In this way, it can take advantage of both local and syroptic
me

The prmmple of ANATEM |s the foIIowmg %he—leeawaﬁableﬂﬂeeeﬁs%meted#eﬁheﬁarget

%ﬂaleg&days%we%hekwefds—fekfor any target day, the M&eﬂbde%#m
model allows the identification of n anateg-analogue days in terms of atmospheric circula-
tion (see Seet:Section |3.2] E The n-prediction-errors—respectively-obtained-when-the-Local
ModetM-is-tised-forpredicting-thetoeat-observed-vatuelocal model is then used to obtain
an estimate of the variable to be reconstructed (precipitation or air temperature at the target
site) for each of the selected analogue days. These n estimates are respectively compared
with the corresponding observed values for these n. daysare-, allowing the calculation of
n_predictions errors. These n _error values are finally used to define the error distribution
associated te-with the prediction obtained with the tecat-Modetlocal model for the target
day d. The prediction obtained with ANATEM for the target day is therefore probabilistic.

3.3.1 Air temperature reconstruction

14
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l:e%AI\JAs—bekﬂmJﬁhaﬂaleg—dafseleeteeLThe robabilistic air temperature prediction from
the ANATEM model for day d has the following expression:

Thwrew(@)] = Tow(d) + | 7(di) ~ Tu(di)] @

k=1l.n

where |TF d is the ensemble of reconstructed values for the target day —d

%e%&wrﬁe%ﬁh&ebsewed—aHempera&ﬁeM&dayandW ANATEM

stands for "Combined Model" and refers to the ANATEM model), 7iu(d) the air temperature
estimate thatweould-have-been-obtained-with-the localmodel-obtained with LM whenr-apptied

%Hheﬁedﬁm%ﬁ%empefawre#eﬁm&s&mef or target day d, di. the kfhaﬂaleg«alay—

analogue da selected for target day dw&&be%e%wma&ﬂ%&eﬁeﬁﬁad&byﬂwe

AN k
\/ N -

feFdayLd—%hfeugh—ANAiFEM—usrﬂg%he T d the observed alrtem erature forthls k%haﬂa}eg
day-would-read:-

-
Tq =Tima+ Tanak — Tivanak

where&”rmﬁ‘h analogue day and Tjy(d;) the air temperature estimate that-would-have
been-obtained-with-obtained with the local model (LMfer-the-target-day-) for the same da
dy.
Aeewdmg%e—Eq—fSHhe%e&ms%mﬁed%mmemﬂﬁe—T—Wm
T(dy) — Tiu(dy)| is the error obtained with the LM model when it is applied to estimate

the temperature of the kthanalog-day-ecan-be-written-as—a-linear-function-of-the—value—of
Firwqasfoltews:

TH = f(zq) = w4+ b
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; k th
w&hﬁv—%mq—aﬂdﬁ—% : P ANA Vi ANA analogue day d..

?hus—the#ahjeke%—Peafme—readﬂﬂhekThe statistical dressing of the LM prediction for
the target day d can be simply represented on a graph in a (Tim,T’) spaceas-the-ordinate-of
Mw*hﬂmmmﬁmﬁmwmﬁﬁﬁ%—m LM,ANA
Sueh—repfeseﬂ%aﬂe% as shown in F|g ﬂeeﬁ)—eaehﬁ&ﬁaleqdayseleeted—fmhedaf&ls

In this figure, the reen oint is the value obtained for the target day with the LM model.
The different blue crosses in the y direction around this estimate define the distribution of
the n errors obtained with the LM model respectively applied to the n analog-days—tcan

b epresented-by he—ensemble—ofpotin WHAR—ab > VI d N—@ O

o g a k

.n

fepfeseﬂ{ed%yﬂ—bexplrefﬁﬂ nalogue da S. Each Cross is sim I the mterce tof two Imes

~

the vertical line at the T m(d alue on the x axis and the 1:1 Ilne assing through the point
(T| m(di),

[Tﬂ ey = Timat [TANA§ —Tim ANA’C}

k=1..

For the example shown in Fig. [3] over the n analeg-days-having-a-similar-synoptic-situation

than-analogue days with meso-scale situations similar to that of day d, the local model
estimate 7jy was in—on the average higher than the observed temperature at the target
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point. Thislead-tonegatively-correct-the-model-Hor-the-Applying this error distribution to

the reconstructed day d leads to a negative correction on most of the ensemble. While the
value of the local model was —9:09.8°C, the fifty-50 air temperature values produced by

the ANATEM methee-model have a mean of —11.2°C and their 10 and 90% quantiles are
respectively —13.1 and —9.3°C.

3.3.2 Precipitation reconstruction

The-ANATEM-method-Although the ANATEM model uses the same basic principle for pre-
cipitation reconstruction-Anether-formutation-was-however propesed--due-te-, a somewhat

different formulation is proposed to account for the specific features of precipitations
precipitation (asymmetric distribution ;Hot-ef-and many zero values).

The additive correction formulation used for the probabilistic reconstruction of tempera-
ture (Eq. 5) is not suitable forprecipitationhere. It can actually produce negative values as
illustrated in Fig. [4| (left), elaborated en-following the same principle than-as explained in
Fig. [3] (right).

An alternative formulation is—te—tse-uses a multiplicative correction for each anateg
analogue date. The probabilistic reconstruction is here defined by the following expression:

[Ak } ~ PANA’; P(dy) 5)
k=1..n

P amur (d) = AmaPuu(d)- | 5= = (@0
Lm.anag Prar(dy)

k=1..n

The multiplicative formulation obviously avoids the estimation of negative precipitation val-
ues. A graphical representation of this reconstruction strategy is given in Fig. [4] (right).
As illustrated, the reconstructed values seeﬁoﬁqppvew@rwto be reasonable for common val-
ues, but the can be
unreasonably high in certain cases.

In the following, we-have-therefore-chosen-to-build-the probabilistic reconstruction of pre-
cipitation has therefore been built with a correction model that-has-intended to have a mul-
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tiplicative behaviour for low values of EM;prM(gLand an additive behaviour for high values

of EMlELM(le Its analytical formulation and its asymptotic behaviotrs-whenr-zzbehaviour
when z tends to zero or infinity (through a Taylor expansion) have the following expressions:

o~ B B LL’(21-|-CLZ~;L'C] x(d)? + a(dy) - x(d)
Pranvren(d) = flza(d)) = va+bh a(d)+b(dy) ©)

where 5 —LMgand-where-«t-and-b-2(d) = Pu(d) and a(dy) and b(d,) are parameters

to be expressed infunetionof Pr—ane-EMaga—
P ANAY ANAR
pr_titaima _ owetag o oag
d = E o td k Td 7
xq+ by xq+ by w40 by

~ 2.k k kN —1
k_ Tgtagaa ag \ . b
P‘i N — <1+ md) (1+ Zd xq

Tr{+b(l;

1odeJ uoISSNOSI(]

We definethe-as a function of P(d;) and Pra/(d,). In what follows, for the sake of simplicit ,
the day indexes will be omitted from a(dy ), b(dx) and z(d).

_ > 4a-x r+a a

AnATEM () Py ey MO PRL A (7)
~ ?+a-x a b\ !
Phuren(@ = 250 o (10 9). (142) T~ aie-
The two model parameters i trg-a and b are defined as in the work of Dufour

and Garcon| (1997) for the assimilation of streamflow data in a hydrological model. The
parameters are expressee-defined as a function of WMWM
in order to reach a compromise between a good multiplicative behaviour for low values and
a good additive behaviour for high values:-,
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Two conditions have been set to define the parameters:

2
— The slope of the tangent to the curve at + = 0 must be _Plde) "

LM\Ck

— When P(d..) = P;as(dy), the equality PE d) = P.y(d) must be obtained.
These two conditions lead to the following expressions for the parameters:
2 /o 2
(PLM,ANAZ}’) (PLM(dk)>
LSV 3 (/)

aj = Ppyai(dy) and b=

(9)

More detailed calculations of the asymptotic behaviour when z tends to zero or infinit
and the use of the two conditions are provided in the supplementary material published

along with this paper.
The probabilistic reconstruction obtained with ANATEM for precipitation finally reads:

~ Pind® + Panar - Pivd By(d) + P(dy) - Poul(d
[Pkdﬁww}] = P () + (;) (dL)ﬁ”() . (10)
d

L dk=1..n
The graphical representation of this formulation is shown in Fig. 5l The left-side-graphie
graph on the left side shows the curve corresponding to Eq. applied for one analog-day
ANA;-and-the-right-side-graphic-analogue day dj and the graph on the right side shows
the ensemble of curves associated respectively to-with the n anateg-analogue days. The
distribution of the reconstructed values [P =1 [ Piyarem (@) k=1 . is represented by the
boxplot. R

In the case of very different values of WHGWMM%)’ Eq.

can potentially produce unreasonably high values of corrected precipitation J%"’w
In order to avoid such values we-apptied-the following filters have been applied:
19
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— it Fanar > H0-Franar L(de) > 10- P(dy) then the value of PWTM=
mwlo-P dy), and

= it Paxay SOREARY JANAE P(dy) < 15 - Prau(dy)_then the value of FanarP(di) =
1o Fovanar 1. Lra(di).

The filtering threshold (10) has been chosen arbitraryarbitrarily. A sensitivity analysis with
different values from 2 to 100 showed that this threshold has fairly—no—impact-on—the
reconstruction-performances-little impact on reconstruction performance. This is true be-
cause very few anatog-analogue days are generally affected by this filtering operation. The
filters are represented by blue zones en-in Fig.

For the example day shown in Fig. [B] the local model LM gives a reconstructed value
of 15.0 mm. The mean ;-and the 10 and 90% percentiles of the probabilistic reconstruction
obtained with ANATEM are respectively 14.8, 7.8 and 21.0 mm.

4 Analysis of ANA, LM and ANATEM performancesperformance

4.1 Evaluation process

The data presented in Sect. 2 altowrecenstructing-can be used to reconstruct the daily
air temperature and precipitation series for the 22 selected watersheds over the pe-
riod 1883—2010. The reconstruction is deterministic for the LM model. For ANATEM and
ANA, 50 reeenstruetion—reconstructed time series are generatedfrom—the—probabitistic
reconstructions—obtained—each—day—of-the—peried. In the present section, the three re-

construction models are evaluated based on their reconstruction skill for the 1948-2010

The evaluation is based on three criteria. The ratio 5 between the mean estimated value
and the-mean observed value of the variable evaluates the bias of the reconstruction.
The ratio between the SB-standard deviations of the reconstructed and of-the-observed
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values—observed time series («) evaluates the ability of the reconstruction to reproduce
the observed variability of the variable. The coefficient of correlation » between the ob-
served and reconstructed series additionally measures the ability of the reconstruction to
reproduce the observed temporal variations (e.g. alternating dry/wet or warm/cold periods).

The overall performance obtained for these three criteria is additionally-summarized-within
summarised by the Kling—Gupta Efficiency criterion (KGE; |Gupta et al., |2009) defined as

KGE =1-/(1-r)? + (1 - )2 + (1 B)2. (11)

The ability of the reconstruction to reproduce the variability and variations of observa-
tions is-carried-out-was evaluated for multiple temporal resolutions: daily (high-fregueney
high-frequency variability), monthly (accounting thus for the infra-annual variability) and an-
nual (low-frequency variability) resolutions. For the annual resolution, the series are aggre-
gated by hydrological year, i.e. from 1 October to 30 September.

In the following sections, we-firstpresentthe performance of the three models for an illus-
trative watershed (Ebaye-Ubaye River at Barcelonette) is first presented. The evaluation
relies (1) on the graphical comparison of the observed and reconstructed annual series for
the 1948—2010 period and (2) on the distributions obtained for r, a, 8 and KGE when es-
timated for the daily, monthly and annual time-step-time step from the 50 ensembles. We
next-present-Then, the results obtained for the 22 watersheds of the Durance Basinbasin

are presented.
4.2 Performance for £the Ubaye River at Barcelonnette watershed
4.2.1 Air temperature reconstruction

Figure [6] presents the mean annual time-series-time series of mean air temperature ef-for
the watershed. These figures firstty-first show that the observed temperature has increased
during-over the last 60 years, with a mean value of around 3°C in the 50’s and a mean value
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of around 4°C nowadays. The ANA model de-does not capture the temporal evolution and
the variability of air temperature, eontrary-to-as opposed to the LM and ANATEM —We-alse
notice-that-ANA-ensembles-are-much-widerthan-models. Note also that the spread of the

ANA ensembles is much higher than that of the ANATEM ensembles. Fhis-is-highlighted
These observations are consistent with the distributions obtained for the different criteria at

the annual time-step-time step (Fig. [7] rightpart):

— ANA has-shows a limited mean bias (3 close to 1), but has-rather-bad-a _rather poor
temporal correlation and significant bias of variability, which is exhibited by rather
relatively low mean values of r, a --and KGE (between 0.2 and 0.6, not visible or
in the figure);

— LM and ANATEM present-show very good temporal correlations (mean r greater than
0.9) and limited mean and variability bias. The two models have-show slightly different
skills: LM has-shows no mean bias (by construction) but a significant variability bias
(mean « less than 0.9) whereas ANATEM has-shows a limited mean and variability
bias (mean 5 and mean « greater than 0.95).

Figure [7] presents—also-also _shows the distributions of the criteria for daily and monthly

time-stepstime_steps. The hierarchy between—the-three—modelis—comparable—at-these

time-stepsof the performance of the three models is the same for both time steps, with KGE
values ranging from 0.77 to 0.87 for ANA, ranging-from-0.95 to 0.98 for LM and ranging-from

0.93 to 0.97 for ANATEM. Moreover, the mean criteria are higher at a monthly time-step
and-thentime step than at a daily time-step,compared-to-the-annuattime-step-finaltytime
step, while the annual time step performance is the lowest. This means that modeis-have
more-difficuities—to-reproduce-annual-these models_have greater difficult in reproducing
inter-annual or daily variability than intra-annual variability (this is partly due to the seasonal-
ity of air temperature). EM-modetisperforming The LM model performed slightly better than
ANATEM at daily and monthly time-stepstime steps. Conversely, ANATEM is—performing
performs better than LM at annual time-stepstime steps.
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4.2.2 Precipitation reconstruction

Figure |8 presents the observed and reconstructed annual time-series-time series of mean
precipitation ef-on_the watershed. As highlightedshown, observed annual precipitation
present-a-strong-presents a high variability, ranging from 1000 mmyr—! fergiven—over
certain periods to 1500 to 2000 mm yr—! for some exceptional yearsaround-The-. All three
models capture ratherrelatively well this variability and are able to reproduce wet er-and dry
periods. ANA-ensembles-are-muech-wider-than-The spread of the ANA ensembles is much
greater than that of the ANATEM ensembles.

The distributions of criteria at the annual time-step-time step (Fig. |§|, right part) eenfirms
confirm these statements:

— ANA has-shows a moderate correlation (mean r close to 0.5), while LM and ANATEM
rave-show a rather good correlation (mean r greater than 0.8);

- ANA-andtiMhave-atimitestLM shows no mean bias (tessthan-6-02); ANATEM-hasby
construction), while ANA and ANATEM show a moderate mean bias (less than 0.05);

— ANA and-ANATEM-have-alimited-shows a noticeable variability bias (less-than-0-62);

EM-has-a-moderate-up to 0.15), while LM and ANATEM show a limited variability bias
(less-than-0-05around 0.03).

The hierarchy between-the-of the performance of the three models is comparabte-at-the
same for both daily and monthly time-stepstime steps, with KGE values ranging from 0-4

0.35 to 0.7 for ANA, ranging-from-0-8t6-6:9-0.78 to 0.88 for LM and ranging-frem-0-78
t6-0:88-0.73 to_0.85 for ANATEM (Fig. [9). ANA performance is clearly poor at a daily

time-steptime step, with a very limited correlation (r less than 0.4). The mean criteria are

higher at a monthly time-step-time step and similar at daily and annual time-stepstime steps.
As for air temperature, this highlights the difficulty of-the-models-the models have to repro-

duce the few-and-high-frequeney-low- and high-frequency variability while the infra-annuat
intra-annual variability is well-captured.
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4.3 Performance for all 22 watersheds

For the sake of conciseness—we—consider—here—forthe—evaluation—only—one—reference
ﬂme-seﬁe& eadablllt only one time serles |s conS|dered for each model. FeHhe~I:ee&l

feeeﬂstrueﬁeHHmedeJ%ANA and ANATEM —%HS—IS—%hMG&HH%-SGHG& robabilistic

reconstructions are represented by the mean time series derived from the ensemble of
56-time-seriesreconstructions—(the daily reconstructed value for a -given day is the mean
of the probabilistic reconstruction-50 _probabilistic reconstructions for this day). As-it-wilk-be
noticecHater;these-For the sake of simplicity, these mean time series will be referred to as
the reconstructed time series in the following. As will be illustrated later, note that these
ensemble mean time series ebvieusty present-a—muchtower-logically present a much
lower temporal variability than each time-series-individual component of the reconstruc-
tion ensemble. Forthe-sake-of simplicitythese-mean-time-series-will-be-also-referredto
as-reconstructed-time-series—In the following, the performance of a -given model will be
presented with the distributions of r, «, 8 and KGE criteria obtained for the 22 watersheds

at the daily, monthly and annual time-stepstime steps.

4.3.1 Air temperature reconstruction

The main results obtained for air temperature reconstruction are (Fig. [10):

- at-a-daity-and-a-menthly-time-steps;-ANA-At daily and monthly time steps, the ANA
model suffers from a limited positive mean bias (mean 3 around 1.03) and a significant

negative variability bias (mean « from 0.85 to 0.88). Correlation with observations is

very good (mean r greater than 0.93). At the annual time-step, ANA-isnet-abte-time

step, ANA fails to capture the torg-teri-low-frequency variability and trend, with a very
low correlation (mean r close to 0.53, not shown eft-in the figure) and a very strong

negative variability bias (mean « close to 0.42, not shown or-in the figure). At differ-
ent time-steps-time steps and for different criteria, ANA atse-exhibits a rather good

spatial robustness of erformance (i.e. homogeneity of the results at
24

todeq uorssnosyq | Jedeg uwoissnostq | Iodeq uorssnosyq | 1edeq uorssnosi(q



a regional scale, which could be related to a rather limited spread of the distribution
—distanee-between-quantite-6-1-and-6-9),-compared to LM and ANATEM models, as
shown by the distance between quantiles 0.1 and 0.9).

at-the-different-time-steps;EM-modelpresents-At all the different time steps, the LM
model provides very satisfactory results. It has-shows no mean bias (by construction)

and a moderate to limited variability bias (mean « between 0.91 and 0.99). The high
te-low-frequeney-high- to low-frequency variability is very well captured (mean r be-
tween 0.92 and 0.99). LM has-shows moderate spatial robustness for correlation and

variability bias, for daily and annual time-stepstime steps.

at-thedifferent-time-steps,-ANATEM-modet-has-At all the different time steps, the
ANATEM model provides very satisfactory results. It has—shows a moderate mean
negative bias (mean g close to 0.97) and a limited to moderate variability bias (mean «
between 0.95 and 0.98). The shert-term-te-tong-term-high-frequency to low-frequency
variability is very well captured (mean $-between0:95-r between 0.94 and 0.99).
ANATEM has-exhibits moderate robustness concerning mean bias ;—but-atse-and
concerning correlation and variability bias, for daily and annual time-stepstime steps.

The LM and ANATEM models thtis-elearty-etiperforms-clearly outperform the ANA model.
LM is characterised by a very good correlation and no mean bias, but a moderate variability

bias. ANATEM is characterised by a very good correlation, and limited mean and vari-
ability bias. Model performanees-are-performance is better and more robust at a monthly

time-steptime_step, compared to daily and annual time-step—ANATEM-has-time_steps.
ANATEM exhibits a slightly better spatial robustness of performances—performance than

LM. This is also expressed by mean KGE values, ranging from 0:52-t6-0-:97-0.25 to 0.87
for ANA, from-6-92-0.88 to 0.99 for LM and from-6-9516-06:99-0.92 to 0.97 for ANATEM
respectively.
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4.3.2 Precipitation reconstruction

The three modetpresenis-models present slightly different results for precipitation recon-
struction (Fig. [T1):

— at-At a daily time-step-time_step, ANA suffers from a very moderate mean negative
mean bias (mean ( close to 0.95) and a strong variability bias (mean « around 0.55).
It also fras-shows a limited correlation (mean r close to 0.65). At monthly and annual
time-step;ANA-has-time steps, ANA shows a moderate to limited mean bias (mean
B close to 0.95), a significant variability bias (mean a around 0.8) and an acceptable
level of correlation (mean r between between-0.7 to 0.8).

— atthe-differenttime-steps- EM-modethas-At all the different time steps, the LM model
shows very satisfactory results. It has-a_shows no mean bias (by construction) --and

a limited variability bias (mean « from 0.97 to 1.05). The short-term-to-tong-term
high-frequency to low-frequency variability is well captured (mean r between 0.77
and 0.84).

— at-the-different-time-steps; ANATEM-model-has-At all the different time steps, the

ANATEM model shows very satisfactory results. It fias-shows a limited negative mean
bias (mean (3 around 0.96) ;-and a limited variability bias (mean « from 0.94 to 1.02).

The shert-term-totong-term-high-frequency to low-frequency variability is well cap-
tured (mean r between 0.75 and 0.87).

The LM and ANATEM models perform-thus-betterthan-thus perform better than the ANA
model, particularly eoncerning-the-in terms of correlation. LM is characterised by a good

correlation, no mean bias and a limited variability bias. ANATEM is also characterised by
a good correlation, limited mean and variability bias. Model performances-are-performance
is better and more robust at a monthly time-step;-time step compared to daily and annual
time-steptime steps. The spatial robustness of perfermaneces-performance is slightly lower
for the variability eriteria—criterion than for the ethers—eriterion—tM-has-thetewest-other
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criteria. LM shows the lowest spatial robustness, then ANATEM and finally ANA. This is
again illustrated by the mean KGE values ranging from 0.43 to 0.71 for ANA, from 0.75 to
0.83 for LM and from 0.76 to 0.84 for ANATEM.

4.4 Spatial patterns of medels-model performance

In the present section, we-discuss-the-spatial-pattern-of-performances-the spatial patterns
of performance (in terms of correlation, at a daily time-steptime step) of the three mod-

els —We—also—present-the—spatial-pattern—and the spatial patterns of the gain in per-
formance obtained with ANATEM reconstructions when either compared to ANA or LM

reconstructionsalternatives will be discussed.
4.4.1 Air temperature reconstruction

For temperature reconstructions, the spatial patterns of model performance are presented
in Fig.[12 . For ANA, the performance of the reconstruction is-faitty-rotinflueneecby-appears
to be mostly independent of the location of the watershed, with a mean correlation rang-
ing from to 0.92 to 0.94 (Fig. [12g). For LM (Fig. [12b), the location of the watershed has
had a slightly higher influence on the performance, with a mean correlation ranging from
0.95 to 0.98. This spatial pattern has a clear south-west to north-east structure, with a de-
crease of-modelperformanees-in_ model performance driven by the distance te-from the
local reference time series (located in Marseille, south-west of the watersheds). Finally, for
the ANATEM model (Fig. ), the location of the watershed (i.e. ;-distance-te-distance
from Marseille) also influences the performance of the reconstruction, with a mean correla-
tion ranging from 0.97 to 0.99. However, ANATEM has-slightly-better-performanees-shows
slightly better performance than LM and ther-ANA and the range of correlation values is
slightly thinnerthan-therange-observed-smaller than for LM.

The contribution of Hﬁm%@mww%to the perfor-

mance of ANA

the ANATEM model is resented in F|g @eﬁe
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. It is estimated b

%mwmwm
The contribution of the LM model is much higher than that of ANA, whatever the location,
meaning that most of the information provided by ANATEM comes from LM. Note however
that for both the LM and ANA models, the contribution of the model presents a clear south-
west to north-east ;-ranging-from-gradient, which decreases for LM (from 0.06 to 0.04) and

increases for ANA (from 0.0 to 0.02). The contribution of targe-seate-large-scale informa-
tion (through the ANA model) is stronger when the LM model (local information) is less

efficienteffective, that is, when the location at-reeenstructionto be reconstructed is far from
the reference temperature station.

4.4.2 Precipitation reconstruction

The spatial patterns of model performance obtained for precipitation are slightly different
than those obtained for temperature (Fig. . For ANA, the location of the watershed does
not realty-influences-appear to really influence the performance, with a mean correlation
ranging from te-0.62 to 0.68 (Fig. [3p). Fer-On the other hand, for LM (Fig. [13p) and
ANATEM (Fig. [T3c), watersheds close to the local reference station highlight-conversely

better—performaneces—(Gap) show better performance than the others (the correlation
ranges from 0.62 to 0.88 for LM and from 69-0.69 to 0.89 for ANATEM) However, the

H%d|stance from the IocaI reference station is probably not the only factor |anuenC|n
performance, as two watersheds at the same distance te-from the Gap station haverather

different-performances-displayed somewhat different performance (i.e. -Bueeh-watershed

the reconstructions for the Buech watershed — #10 in Fig.[2l— have a very good correlation

of 0.88 and the reconstructions for the Durance at Briangon watershed — #3 in Fig. [2] —

a moderate correlation of 0.77). This could be due to large-scale climatic influences that

give some watersheds a higher proximity to Gap in terms of the precipitation pattern.
ANATEM inereases-the-globat-slightly increases the overall reconstruction performance

but it-also-notably-smoeths-at the same time notably smoothes local contrasts. The con-
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tribution of LM to the performance of ANATEM is generally higher than that of ANA, but
decreases as the distance %&from from Gap increases, ranging from 0.22 to 0.02 (Fig. [f3H)-
d, the contribution of ANA to the performance of ANATEM
ngh%%%rease&#emeeu%hANeeHeﬂeﬁeeas{—raﬁglﬁg#eﬂH}%ls close to 0 for the
stations closest to Gap and slightly increases (up to 0.07) with the distance from Gap

(Fig. BE3E141). As observed for air temperature reconstruction and here in a more pro-
nounced way, the contribution of targe—seate-large-scale information (through the ANA
model) is stronger when the LM model (local information) is less efficienteffective, as a re-

sult of an-increasing-distance-to-the increasing distance from the reference station.

5 Climatic variability assessment

5.1 1883-2010 reconstructions of air temperature

Figure |'E] presents the 1883-2010 annual anomaly-time-series-time series of air temper-
ature anomalies reconstructed by the ANATEM method-model (mean model) for the 22
watersheds of the Durance river. Anomalies have been computed as the-differences—to
differences with respect the 1883-2010 mean. This figure exhibits a pseudo-stationary
period from 1880 to 1940, then a slight temperature increase between 1940 and
1980 and a stronger increase from 1980 until newadaysthe present. In order to better
characterize-characterise low- frequency varlablllty, &emeeﬁe&meaﬁﬂ#%h&memm

+949—4959% econstructed series was com uted and smoothed using a LOESS Iow ass
filter (Cleveland, [1979], smoothing parameter value used: 0.15) .

The ANATEM reconstructions have been qualitatively compared to five series of air tem-
perature anomalies obtained from hemogeneisee-homogenised series of the HISTALP
project (Genova University, Milano-Brera, Montpellier, Nice airport and Nimes airport).
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The ANATEM model reproduces fairly well the annual and low-frequency variability of
air temperature anomalies from the HISTALP stations (the mean correlation ef-between
ANATEM and HISTALP annual series is close to 0.8). However, the warming trend in the
HISTALP series is farger-stronger than in the ANATEM reconstructions, HISTALP temper-
atures being significantly lower than ANATEM temperatures before 1900 and significantly
higher after 1980. ANATEM reconstructions and HISTALP time-series-time series are obvi-
ously sensitive to the reference time-series-time series (i.e. Marseille for ANATEM) and the
homogenisation process applied to the observations (for both Marseille and HISTALP sta-
tions). Further research is required to explore the sensitivity of the ANATEM reconstructions
to these key features (partly tested in | Kuentz, [2013).

5.2 1883-2010 reconstructions of precipitation

Figure @ presents the 1883-2010 preeipitation—reconstructions—ebtained—annual

multiplicative time series of precipitation anomalies reconstructed with ANATEM for the 22
watershed-watersheds along with five precipitation HISTALP series (Aix-en-Provence, Nice

(Cap-Ferrat), Orange, Saint-Paul-les-Durance and Toulon). For both the reconstructions
and the HISTALP series, the mean smoothed series is-are also given

thehrgndteperefepﬁhe d|s ersion between the 22 ANATEM reconstructed time series is
relatively low. It is actually similar to the dispersion obtained between the time series of
observations available for the same 22 watersheds over the 1960-2010 period (not shown

here). The dispersion observed between the five HISTALP series is comparatively much
higher. This may be partly explained by the fact that the ANATEM series are reconstructed

for all watersheds based on a -same reference series (Gap). The main reason is however
probably the-high-spatiat-variability-of precipitation-and-the-factthatthat the HISTALP series
cover a -much W|der spatlal domaln Hﬁa‘H—A-NA:FEM—SGHeS—-FHeﬂﬂ#dﬁpeFSWbefWGQH—Fhe
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here)-with a high spatial variability of atmospheric influences and thus precipitation regimes

Besides—the-The smoothed time series from ANATEM reconstructions is highly corre-
lated te-with the smoothed time series from HISTALP data. The ANATEM reconstruction
is therefore able to reproduce the tewfregueney-low-frequency variability of precipitation
resulting from climate variability. Some differences can be observed, for example between
1920 and 1930 or between 1970 and 1980. They may be due again to the large spatial
variability of precipitation which would also transtate-correspond to different precipitation
indexes, as long as they are estimated from different stations. As noticed-already noted for
air temperature reconstructions, these differences could also be due to the reference series
used in ANATEM and to the homogenisation process for the HISTALP series. Additional
work wettd-be-werth-should be considered to explore the importance of these-such issues.

6 Conclusions

Reconstructing local scale meteorological variables over long periods is chaltenging-and

necessary-for-better-understanding-thelow-frequeney—a_challenging but necessary task
in order to obtain a better understanding of the low-frequency variability of regional cli-
mate and climate driven variables. Three models are compared in the present work, us-

ing different kine-types of data for the reconstruction: the regressien-based-Locat-Modet
regression-based local model (LM) uses local observations of the variable from neigh-
bouring stations as predicior,-the-Anatog-Medet-a predictor; the analogue model (ANA),
a so-called downscaling model, uses targe-scate-information-of-atmospheric-—cireutation—
WM&WW@ ANATEM model uses
a mix of both local and ta ii ii

mdd%w%&%mmﬂm

local and analogue models.
The three models have been developed and applied fer-to the reconstruction of mean

air temperature and precipitation time-series-of-time series for a sample of 22 watersheds
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situated in the Durance watershed;-basin, in the south-east of France. This sample of water-
sheds represents a wide range of climatic conditions, from highly mountainous to Mediter-
ranean. The local ebservation-observations used for the reconstruction are respectively

Marseille air temperature, Gap precipitation historical time-series—and-geepeotentiat-time

series and geopotential height fields from the 20CR reanalysis.
The mutteriteria—ana—-multiseale-multi-criteria and multi-scale performance assessment

highlights that the best reconstructions are obtained when local information is used. ANA
The ANA model is clearly less efficient than the two ethers-methedsother models, particu-
larly concerning tong-term-low-frequency (annual) air temperature variability or shert-term

high-frequency (daily) precipitation variability. The-regression-based-On the other hand, the

regression-based model and the ANATEM model have-conversety-provide very satisfactory
results for all criteria. ANATEM has-offers a slight advantage and the spatial patterns of

the reconstruction skills show that it takes-benefit-benefits from the qualities of both un-

derlying models. Hence, the ANATEM method-altow-to-reconstruct-very-satisfactory-model
can be used to reconstruct adequate air temperature and precipitation reanatyses-series at
a high temporal resolution (daily) and different spatial scales (from 4 to 3500 km?), while im-
proving the spatial robustness of perfermaneesperformance. Besides these results in terms
of performances, the ANATEM model provides an original representation of uncertainties,
which are conditioned by atmospheric circulation patterns through the use of an ensemble

of analogue days.
Time series of air temperatures reconstructed for the 1883—2010 period exhibit the well-

known warming experienced since the middle of last century, with a higher rate since the
1980’s. Reconstructed precipitation time-series-time series highlight the large inter-annual
variability of annual precipitation for the Durance region. Long-term climatic reanalyses
exhibits-exhibit some particular periods with rather strong rainfall anomalies, such as the
wet periods at the beginning of the 1910’s and mig-+936mid-1930’s (known for fleeds-flood
events), or ratherrelatively dry periods such as the 1940’s and 1970’s (known for dreughts

drought events).
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The potential for improving the method is riet-negligibteconsiderable. The ANA method

we-tsed-here-has-beenfirstty-used here was first developed for precipitation forecasts
(e.g.|Obled et al.,[2002). The poor reconstruction skill obtained for temperature was there-

fore not a surprise and other targe-secate-large-scale predictors could potentially attew-for
provide a better reconstruction of air temperature variations. This also applies ferto the pre-
cipitation reconstruction. The predictors used here do-enty-irnform-provide information only
on the atmosphere dynamics. The inclusion of thermodynamic predictors and ef-humidity
predictors for the identification of anateg-analogue days has been proved to improve for-the
studied-region-the-the performance of the method for the studied region (Marty et al., 2011},
|Chardon et al., 2014).

Another possibility of-pregress-for improvement concerns the combined formulation used
for the ANATEM methedmodel. The formulatlon presented in this paper has been applied

in a straightforward
fashlon However wethe authors are convrnced that f&ﬂey%tatrstreakdevelepmehtseﬁﬁe

way-both-further statistical developments concerning the way the two models are combined
(e.g. forecast combination methods as in |Winkler and Makridakis, [1983| or [Hoeting et al.

wottd-altew-to—could improve temporal correlation, er-reduce mean and variability
blas and censider-allow probabilistic calibration (not shown-addressed in this paper).

The issue-choice of the reference series used for the Locat-Model-is-alse-challenging-
We-have-local model also presents a challenging issue. It has been shown that the good
performance of the methods—is—achieved-thanks—te—models largely depends on this lo-
cal information. A -thereugh-sensitivity-analysisto-the-seteetion-thorough analysis of the
sensitivity to the choice of the reference time-series-time series should be carried out.
Considering the importance of local information, an extension of the method should also
consider the possibility to-make-use-of-all-historical-stationsavailable-inthe-close-orfarer

of making use of other historical stations, if available, in the neighbourhood of the region
whadereonstraetion—of reconstruction. Cases with multiple historical stations available would
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open the door to other alternative reconstruction approaches (as stated in the introduction).
Of course, historical local scale data covering long historical periods are very scarce and
sparse. Ourresults—also-highlight-The results also show that the reconstruction skill de-
creases wheﬁ%hedfet&ﬁee%&gsvym the reference station increases. The
region w \
WM&WMM of the refer-
ence station i W W :
WWWW%%%W&MMWMMM
decrease for reconstructions concerning larger regions. At the same time, in such cases, the

contribution of the large-scale information would be much-targerfor-distant-sitesexpected
to be higher. Additional work is definitively required to assess the relative interest of both

components of the ANATEM model in this context.

Because of the numerous scientific and operational stakes associated with the
characterizationotlong-term-variability,-we-characterisation of long-term variability, the
authors are confident that all of these questions will be tackled by the scientific commu-
nity in the next-coming years. A major application of such reconstructions will be-ebviously
the-possibility-to-reconstructtong-term-obviously be the reconstruction of long-term varia-
tions for a number of elimate-driven—variables—As-an-illustration,-we-used-climate-driven
variables. For example, the long-term climatic time-series—time_series produced in the
present work forreconstructing-have_been used to reconstruct long-term hydrological
time-series time series at multiple hydrometric stations of the Durance basin (Kuentz, [2013;
[Mathevet et all, [2013). An-eutstandingresult-of-this-reconstruction-is-that-the-timeseries
obtained-for-the-whole-Thanks to_the availability of long observed discharge series, this
latter study provided an independent hydrological validation of the climatic reconstructions
ngmm 20th eeﬁ%erfpreseﬂeaﬁeryhrg#eeﬁemﬂemeveHM#rhﬁ{eﬁe&Fdﬁehafges
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itcentury.
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Table 1. Main characteristics of the 22 selected watersheds. The number in the # eetrespondanee

with—column_correspond to those indicated in Fig. [2] Pa is_the annual mean precipitations
precipitation (er-over the period 1948-2010) --and T' the mean air temperature (er-over the pe-

riod 1948—-2010)

# Name Altitude  Area Pa T

m km? mmyr! °C
1 The Durance river at Val-des-Pres 1360 203 1322 2.5
2 The Guisane river at Monétier-les-Bains 1510 78 1627 2.3
3 The Durance river at Briangon 1187 548 1381 29
4 The Guil river at Montdauphin 895 725 1087 3.3
5  The Durance river at La Clapiére 787 2170 1352 3.5
6  The Riou de Crachet river at Saint-Paul 2020 4 1532 1.6
7  The Ubaye river at Roche-Rousse 790 946 1235 4.1
8  The Ubaye river at Barcelonnette 1132 549 1201 3.6
9  The Durance river at Serre-Pongon 652 3582 1301 4.0
10 The Buech river at Les Chambons 662 723 1259 7.4
11 The Méouge river at Méouge 545 221 1094 8.9
12 The Jabron river at Piedguichard 593 89 1206 9.1
13 The Bes river at La Javie 805 165 1085 6.6
14  The Lauzon river at Villeneuve 341 124 1097 104
15 The Asse river at La Clue de Chabrieres 605 375 1077 8.6
16  The Verdon river at Allos 1780 10 1592 2.7
17  The Verdon river at Colmars 1230 158 1453 4.3
18 The Issole river at Saint-André-les-Alpes 931 137 1229 6.8
19 The Verdon river at Castillon 790 657 1319 6.2
20 The Artuby river at La Bastide 1008 91 1272 8.4
21 The Jabron river at Comps-sur-Artuby 782 66 1116 9.0
22 The Verdon river at Sainte-Croix 400 1625 1176 8.2
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Figure 1. Map-Schemes of the study-area-with-3 reconstruction models : local model (LM — to

scheme), analogue model (ANA — middle scheme), combined local+analogue model (ANATEM
— bottom scheme). Predictors are either (1) local scale meteorological predictors (LM model),
2) mesoscale atmospheric predictors (ANA model) or both (1)+(2) (ANATEM model). Local
scale_predictors are daily observations of the 22-watersheds-setectedvariable at one (possibly
several) neighbouring precipitation or temperature station (for the present work, Gap rain gauge,
Marseille temperature station for precipitation / temperature reconstruction respectively). Mesoscale
mesoscale European domain). Local and mesoscale predictors cover the whole period (observation
reconstruction skill for the observation period where concomitant observations of the target variable
are available (dots of series 3 in the scheme, period 1948-2010 in the present work). Models are
present work). Note : The reconstruction period can also include the observation period (this is the
case in the present work).
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Figure 2. Map of the study area with the 22 selected watersheds.
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Figure 3. Representation of the ANATEM formulation for air temperature reconstruction of a given
day d. Left panel: observed temperature for the-target-any analog day as a -function of the tem-
perature estimate from-tMwith LM for this day. Fer-The green point corresponds to the target da
d. The red-circled point corresponds to a -given-particular analog £day d;.. For this analog day, the
corrected estimate for day d is 74T} xre0(d) which is obtained as Z a1 u(d) + A(dy) where
= s —Fovanar Alde) = 1(d — Tiu(dy)- Right panel: probabilistic prediction obtained for d
from the 50 analogsanalogues. The corresponding boxplot (10, 25, 50, 75 and 90% quantiles) is
given en-to the right of the figure (the blue point indicates the mean value).
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Figure 4. Representation of the additive and multiplicative formulation for precipitation reconstruc-
tion from a local model and 50 anatog-analogue days of-for a given day d. Left panel: ease—of
an-additive formulation for the correction. Right panel: ease-ef-a-multiplicative formulation for the
correction. The triangles highlight aberrant-anomalous or potentially eberrant-anomalous corrected
predictions.
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Right panel: probabilistic prediction obtained for d from the 50 anategsanalogues. The corresponding ?
boxplot (10, 25, 50, 75 and 90% quantiles) is given en-to_the right of the figure (the blue point %
indicates the mean value). Z.
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Figure 6. Annual time-series-time series of air temperature reconstructions for the Ubaye River at
Barcelonnette watershed by anaJeg—me%he&M%(ANA) local medet-(LM) and ANATEM
methodmodels.
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Figure 7. Daily, monthly and annual performance criteria of air temperature reconstructions for the
Ubaye River at Barcelonnette watershed by anateg-rethed-the analogue (ANA), local medet-(LM)

and ANATEM methoedmodels. For the annual time step, ANA results are smaller than 0.75; the
therefore do not appear in the figure.
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Figure 8. Annual time-series-time series of precipitation reconstructions for the Ubaye River at
Barcelonnette watershed by anateg-method-the analogue (ANA), local moedet-(LM) and ANATEM

methodmodels.
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Figure 9. Daily, monthly and annual performance criteria of precipitation reconstructions for the

Ubaye River at Barcelonnette watershed by anateg-methed-the analogue (ANA), local medet-(LM)
and ANATEM methedmodels.
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Figure 10. Daily, monthly and annual performance criteria of air temperature mean reconstruc-
tions for 22 watersheds by analeg-method-the analogue (ANA), local moedet-(LM) and ANATEM
methodmodels. Annuat—performance—eriteria—of—airtemperattre—mean—reconstructions—for 22
watershedsbyanatog—method{(ANA}For the annual time step, toeat-modet{(tiM)—and-ANATEM
methoc{larger-seale)ANA results are smaller than 0.6; they therefore do not appear in the figure.
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Figure 11. Daily, monthly and annual performance criteria of precipitation mean reconstruc-
tions for 22 watersheds by anateg-methed-the analogue (ANA), local medet(LM) and ANATEM

methodmodels.
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Figure 12. Regional correlation patterns of air temperature mean reconstructions by the (a) anateg
WW(ANA) (b) Iocal model (LM) and (c) ANATEM methedmodel. Spaﬁal—paﬁem
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Figure 14. Spatial pattern-patterns of (a,c) the gain-in-corretation-ebtained-with-contribution of the
LM model to ANATEM performance (estimated by the difference between the performance of the
ANATEM and ANA models) for air temperature (a) and precipitation (c reconstructionseempared-to

Spatial patterns and of (b,d) the contribution of the ANA {d) or-model to ANATEM performance
(estimated by the difference between the performance of the ANATEM and LM (e) models) for air
temperature (b) and precipitation (d) reconstructions. Note the different color scales for precipitation
and temperature reconstructions.
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Annual mean temperature anomalies for 22 watersheds (ANATEM reconstructions) and 5 observed series (HISTALP)
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Figure 15. Mean annual air temperature additive anomaly for the 22 watersheds (ANATEM) and
5 stations (HISTALP). The additive anomaly for a given year has been computed as the difference

between the annual temperature for this year and the 1883—2010 mean.
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A | precipitation anc lies for 22 watersheds (ANATEM reconstructions) and 5 observed series (HISTALP)
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Figure 16. Mean annual precipitation multiplicative anomaly for the 22 watersheds (ANATEM) and
5 stations (HISTALP). The multiplicative anomaly for a given year has been computed as the ratio
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between the annual precipitation for this year and the 1883-2010 mean.
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