Blue: Authors comments
Report 1:

The manuscript has been improved substantially during the review process, as the authors considered
most of the specific comments of both reviewers.
Thanks for the previous comments and the kind support.

A general comment by both reviewers was to expand the discussion of the results. However, a thorough
discussion also with respect to the wider literature is still missing. Consequently, the manuscript still
reads more like a case study report than a scientific article.

According to the reviewer’s comments, we extended the aspect and hope to receive now an overall
positive evaluation. We also added more references to previous work to put our findings in a broader
context. In this manuscript we do propose a new method of regressing Tw vs Ta and, true, test this
method in a case study.

A reorganization of the text so that methods and results are strictly separated (as suggested also in the
previous round of reviews) is advised.

We moved the last paragraph of the introduction to the methods section. We also intensified the
explanations in the method section. So, in our opinion there is a clear separation between
introduction/methods/results.

Figure and table captions need to be revised so that they are distinct, concise, and self-explaining.

A thorough check of the manuscript syntax, grammar, spelling and punctuation is furthermore advised. |
have included only a selection of the language issues | found in the specific comments.

As visible in the watemp_5_diff.pdf, caption- and formal revision has been undertaken.

Specific comments (page & line number according to track changes version):

P2 L25 | would assume neural network based river temperature models are statistical models.
Correct. We changed the wording accordingly and present neural networks as a subgroup of statistical
models. “Artificial Neural Networks (ANN) are a subset of the statistical models and...”

P2 L37 It is not clear that this sentence refers to the Markovic paper.

Thanks. We changed it to: Using linear models, Markovic et al. (2013) show that between 81 % - 90 % of
the Tw variability can be described by Ta. Furthermore, they show that 9 % - 19 % can be attributed to
hydrological factors (e.g. discharge). The study was conducted for the Danube and Elbe basins using data
from the 1939 to 2008. These two rivers have comparable discharge and catchment area to the

Rhine river, which could mean his results are transferable to the Rhine river. These, although simple,
linear models are able to clearly separate the different influences on Tw.

P2 L48 Subsection heading necessary? (There is no 1.2)
We deleted the heading.

P3 L89 Column numbers needed?
We deleted the column numbers in the text. The description of the columns is given in the caption.

Tab 1 Omit “Lists of “. Description of columns in table caption not needed



We deleted it.

Fig 1 Revise caption. E.g. “Heat input by upstream NPP...”
We changed the caption to: “Heat input by upstream NPP from 1969 to 2018 at each monitoring
station.”

Tab 2 caption “conversion” instead of “coversion”
Thanks for pointing out the typo.

Fig 2-4 Use distinct figure captions or merge into multi-panel figure
We changed the design and put figure 3 into a multi-panel figure as it shows a different weighing. Thanks
for the comment.

Fig 2 Add “NPP” to legend and add a legend item with “x” for the monitoring stations
We added NPPs and Xs for all monitoring stations

Tab 3 Omit “This table..”
It is deleted.

P11 L 217 Revise sentence

The section was revised to:

“A catchment-wide hydrological flow model, estimating the flow speed at every grid point for every
hydrological scenario, was not used. It had not been yet available for every grid point of the catchments
and the focus of this study was to create a simple set-up, also transferable to other river catchments.”

P12 L 246 Revise sentence — How do grid points reach monitoring stations?

We deleted the last part of the sentence as it is unnecessary. The temporal relationship is anyways
explained in the next sentence using At:

“Tc (x0;y0; t0) was calculated by weighted (ACC _w) averaging Ta (x;y; t+_t (x;y)) over all grid points of
the catchment area (x=1,...n y=1,...m) which was set by the measurement point (x0,y0). The time-lag dt
was an estimate for the time it takes for a water droplet from a specific grid point (x,y) in the catchment
area to the measurement location.”

Fig 6 Revise caption to make it more self-explanatory. Also: Relative contribution of what? What does
“using by number” mean?

We think the reviewer means Fig. 5 (in the new version it is Fig. 4). We changed the caption:

“ACC bins (x-axis) vs the relative contribution (y-axis). The grid points are binned by their ACC value. The
red bars show the relative contribution (largest contribution normalized to one) by the number of grid
points in this bin only. The white bars show the distribution using the number of grid points in this bin
and weighing ACC _w.”

The paragraph regarding this figure was also changed:

“The grid points were binned according to their ACC value. A high bin represents large rivers, a low bin
their tributaries. The reason was to investigate the importance of the different ACC bins to the total Tc
calculation. The ACC bin with the largest contribution in Fig. (4) was normalized to 210 one making it a
relative contribution. The red bars (Fig. (4)) show the relative contribution (y-axis) of each ACC bin by the
number of grid points in this bin only, no ACC _w weighing was applied. The results showed that the
large number at low ACC bins (small water mass) have a larger influence compared to the rather low
numbers at high ACC bins (e.g. large water masses, rivers, lakes). The difference in relative contribution
is four powers of magnitude. The white bars show the relative contribution using the number of grid



Tab 4 Linear fits to what? No need to mention column numbers in caption. What does R2 > 1.99 mean
(I assume it is a typo)

Tab 5 Would it be possible to call the first column “approach” or “model” rather than “descr.”?

Fig 9 Omit “the three panels show”. Omit “the” before Cologne



Report 2 states

| believe that the authors improved the original version of the manuscript by clarifying some important
aspects of their analysis.

Thank you for the time invested in proof reading, we to be able to further clarify and improve the
manuscript with your support.

Still however | believe that there are some important issues that the authors should improve and clarify,
including some requests of my previous review that were not addressed.

We added the full RMSE and NSC data for all calculated flow speeds to the supplement. The change in
RBT is now continuously calculated (Fig. 6 in last Version). These are the main but not sole improvements
regarding the robustness of our approach.

In general, grammar, syntax, and equation notation should be carefully checked throughout the
manuscript and | suggest that the structure of some sections should be revised.

The manuscript was once again carefully proof read and also given to a third person just for
proofreading.

| believe that the analysis and the quality of the manuscript can be substantially improved in several
aspects, as suggested in my specific comments below.
Thank you once again for the constructive support; we addressed all points raised by you, below.

Introduction:
- Line 20: | would not mention riparian vegetation together with meteorological forcing. Rather, |

would move it to point 3, after opportune adjustments. In addition, | believe that, given the focus of
the study, anthropogenic effects should be explicitly mentioned in a specific point.

- Lines 26-28: please revise this sentence: it seems that fluxes and boundary conditions are two distinct
entities, while in many cases boundary conditions are fluxes. This sentence confirms that riparian
vegetation should be removed from point 1 (it is not a flux).

- Line 29: does the term "parameter” refer to the fluxes mentioned in the previous sentence? If so,
since fluxes are not parameters, | suggest using e.g., the word "terms".

- Line 34: | do not understand the use of the term "analytic" here.



- Line 37: please start a new paragraph after "... to the Rhine river."

- Section 1.1: it is uncommon to have a subsection in the Introduction and | do not think that it is
needed here, thus | strongly recommend to removing subsection 1.1. In doing so, a connection
sentence between the first half of the Introduction and the second half will be required. As
commented in my previous review, this second part of the Introduction reads more as a paragraph of
Material and methods. | strongly recommend to fully revise the structure of this section focusing on
presenting the objectives of the manuscript and an outline of the approach followed by the authors.
Both points are not sufficiently addressed in the present version of the Introduction. Some specific
comments are provided below:

* Lines 57-59: this sentence is unclear and the link between the concept of Tc and the assessment of
the impact of industry, meteorology and hydrology is confused and unsettled. The syntax should be
revised (e.g., "combine ideas from")

* Lines 61-62: | would not call the period 1979 to 2018 a "scenario"

* Lines 66-67: | do not agree with this sentence: Ta does not take into account the origin of water. This
is particularly evident for ground water sources. This comment should be removed from the
manuscript.

* Lines 70-72: this sentence is debatable since the hybrid model cited by the authors has been already
used to evaluate the separate effects of anthropogenic and climate changes (Cai et al., 2018) and |
have some concerns on affirming that a simple linear regression model (eq 1) can "allow for a clear
distinction between meteorological, hydrological, and anthropogenic input".



* Figure 2 (the study site) should be probably cited here.

- As pointed out in the first revision round, | believe that the Introduction would benefit from
mentioning existing literature on the assessment of anthropogenic impact on river water temperature
(e.g., Cai et al., 2018; Gaudard et al., 2018; Raman Vinna et al., 2018, just to cite some recent papers).

Section 2.1.
- Line 83-84: "reference" --> "data provider"/"data source" ?

- Lines 90-92: please, check the verb tenses. The use of "by us" is not recommended.

Section 2.3.
- As commented in the first revision round, the sentences in the first part of this section are too

fragmentated and short.
The authors should explain in detail how they aggregated the heat input due to each NPP to obtain the

overall heat input at each gauging station.



Section 2.4

- This section is disconnected from the previous, since the authors did not mention the use of GDP in
the preceding part of the manuscript. This is something that should be mentioned in the Introduction,
where the authors should properly (i.e., concisely but clearly and exhaustively) introduce objectives
and approaches of their study.

- Figure 2: | would present the catchment closed at the most downstream gauging station. In this way
the entire region analyzed in the study would be presented. Please substitute the symbol used for the
Fessenheim NPP as it can be confused with a gauging station.

- Line 140: The use of subsections, subsubsections (e.g., 2.3.1) and paragraphs (e.g. Accumulation) is
not harmonized. Please check it throughout the manuscript.

- Line 142: please revise the syntax ("... the the ..."; "... this very grid point")

Section 2.7

- In my view, part of subsection 1.1 (including equation 1) should be moved here. In the Introduction
the authors can easily comment on their approach without showing the equation. Indeed, as
commented above, in the Introduction the authors should focus on objectives and approaches used in
their study in a concise and clear way.

More important, as commented in my previous revision, | do not agree that "The offset al (RBT)
combines all other influences, which are controlled by anthropogenic sources". al accounts to much
more than solely anthropogenic sources as it summarizes all contributions that are not directly linked



to Ta and Q (groundwater inflow, geothermal flux, vegetation shading, tributary heat flux, upstream
heat flux, etc). Please see Segura et al (2015) for an useful overview on the physical meaning of the
intercept al. Still, the authors can suppose that if all the aforementioned conditions are kept
unchanged, changes in al can be linked to changes in anthropogenic sources (as they comment at lines
267-270). This is conceptually and formally different. The authors should carefully avoid any
misunderstanding around the meaning of al (adjust also Introduction, lines 265-,

Conclusions and all sentences where the meaning of al is commented).

- Line 50: "over the whole" --> "over the whole catchment"?

- Equation 4: | would have expected to see "Tc(t0-Delta t(x,y))" and "Q(x0,y0,t0)". Is this correct? As for
the first point: since, as far as | understand, Tc is spatially averaged it should not depend on x and y. In
addition, to predict Tw at time t0 at the closing section, Tc should be taken at time t0-Delta t(x,y) for
the i-th cell located in (x,y) to account for the time delay due to water routing. Considering t0+Delta t
is coherent with eq 8, where the authors define Delta t as a negative number, but this comes later in
the text and in my view is misunderstandable.

- Equations 5 and 6: similarly to above, the time lag is not correctly accounted for: "T(x0,y0,t0) =
Ta(x0,y0,t0 -Delta t)" and in the second equation the integral should be from i=t0-Delta t to i=t0. Delta
t can be confused with the time lag due to routing while here it refers to the lag due to water inertia.
Moreover, here and in the following equations “T” is not defined. The authors should avoid any
misunderstanding, be precise in the use of notation, and carefully check all equations.



- Line 165: "reason reason". There are several other points where the syntax should be checked. | will
not comment further on this, but strongly encourage the authors to thoroughly check the entire
manuscript.

- Lines 165-176: this part is confused. This is what has been already said in eq 4 and the reference to
the 8-day lag is unclear and probably unnecessary: from the text one understands that only the routing
lag has been considered, while the time lag due to thermal inertia has not. Overall, this whole section
requires significant improvement and clarification.

- Lines 183-186: the authors should better explain how the flow speed has been estimated. Do they
mean RMSE between observed and simulated Tw using the Time lag + weight model (or just
considering the Time lag, or Time lag + weight + ACC)? Is this value of flow speed confirmed also when
analyzing the other gauging stations? The authors should show (at least in the supplementary
material) the relationship between RMSE and flow speed for all gauging stations. Is the minimum in
RMSE clear and unequivocal? Did the authors optimize independently the flow speed when testing the
different definitions of Tc?

- Table 4: "which are statistical significant only if R2 > 1.99" there should be an error here. Please,
specify that R2 refer to the linear trends. As suggested in my previous revision, | believe that the
authors could add the Pearson coefficient between Ta and Tw to further (and more robustly) support
their reasoning.



- Lines 238-241.: this paragraph is chaotic. Some concepts are repeated and not necessary in this
context (e.g., in Base Ta and Tw show similar behavior).

Section 3.2
- Line 246: "catchment-wide Delta t" the use of catchment-wide is probably not appropriate here as it
could be understood as a constant Delta t for the entire catchment.

- Line 250: see my comment relative to Lines 183-186. Here and below: NCS-->NSC

- Line 255: | would not say that a figure is the reason of the results, but that the content of the figure
can explain the results.

Section 3.3
- Lines 275-276: actually RBT seems to decline some years in advance (in 1995 looking at the running
mean in Fig. 7). Can the authors add a comment on this?

- Table 6: here the authors do not show that the two series of Delta RBT have "similar trends" since
the results in the table only depend on initial and final values (which has clear side effects and
limitations). To test if the trends are similar, they should calculate Delta RBT in continuous with eq 2
and using the time series of the heat input, and compare it with the time series of RBT shown in Figure
7. This is something that | already suggested in my first review and that | strongly recommend adding
to the analysis. While the authors replied that they wanted to pick the largest Delta HI to avoid
influences by short term trends, | believe that analyzing the time series is needed to properly show
that the two time series have comparable medium- to long-time trends (short term trends can be
easily filtered e.g., with a moving average if required).

- Lines 285-317: as commented above, the term RBT summarizes several contributions besides
anthropogenic effects. This should be properly recalled in this section, since this is the most likely
reason of the differences between RBT and GBT trends (including the specific cases commented by the
authors), although | agree that a significant correlation is visible in figure 9.



As commented in my previous review, the comment on the effect of lakes is somehow disconnected
from the rest of the paragraph. | perfectly understand and agree that "finding the reason [of the
peculiar trend in Basel] is not in the scope of this paper", but the sentences at lines 289-293 should be
better contextualized. The reasoning on stratification is fine, the fact that deep water temperature is
somehow decoupled from Ta is fine as well (but only for deep lakes), however this does not explains
the trend shown in Basel nor the reader knows if such lakes contribute to the Rhine through surface
water (natural lakes) or deep water (hydropower reservoirs with deep intake). Better than trying to
draft a possible explanation without effectively providing the proper information and hypothesis,
would be to simply write that the trend in Basel cannot be explained in this analysis.

Conclusions:
- Line 340: the term "reanalysis" and “forecast" are probably not the most appropriate here.

- Line 342: fluxes are not parameters. | would say that fully physical models requires all meteorological
data in input.

- Lines 343-348: the comment on tropical and subtropical rivers is somehow disconnected from the
study presented by the authors and personally | do not believe that it is appropriate here. | do not
believe that the study by Morril et al (2005) suggests that "this case study of the Rhine can be applied
globally". On the contrary the comment on the possible coupling with catchment-wide hydrological
models is more significant but poorly examined (please improve it, adding a comment also on the
limitations of the analysis).
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Anthropogenic Influence on the Rhine water temperatures
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Abstract. River temperature is an important parameter for water quality and an important variable for physical, chemical
and biological processes. River water is also used by production facilities as cooling agent. We intreduee-introduced a new
a time-lagged and a weighted average. Regressing the new air temperature vs river water temperature, the meteorological

influence and the anthropogenic influenee-ean-heat input could be studied separately. We-apply-thisnew-method-The new
method was tested at four monitoring stations (Basel, Worms, Koblenz and Cologne) along the Rhine-and-show-that-the

°C.
The analysis also showed that the long-term trend (1979-2018) of river water temperature iswas, next to the increasing air

way of calculating a catchment-wide air temperature <

long—term-river Rhine and lowered the root-mean-square error of the regression from 2.37 °C' (simple average) to 1.02

temperature, mostly influenced by decreasing nuclear power production. Shertterm-Short-term changes on time scales < 5 years
are-due-to-y were connected with changes in industrial production. We found significant positive correlations for this-the

relationship.

Copyright statement. TEXT

1 Introduction

River water temperature (7,,) greatly influences the most important physical and chemical processes in rivers and is a key factor

for river system health (Delpla et al., 2009). T, also defines-and-confines animal habitats (Isaak-et-al; 2042 Duranee-and-Ormerod;2009)-

and—(Gaudard et al., 2018; Isaak et al., 2012; Durance and Ormerod, 2009), regulates the spread of invasive species (Wenger

et al., 2011; Hari et al., 2006) and is therefore an important ecological parameter. River water is not solely important from
an environmental perspective but is an-impertant-means-of-productionalso of very significant interest for economy. Especially
for energy intensive industries such as power plants, oil refineries, paper or steel mills, river water is an important eeoling
agentresource. Its availability is a basic requirement for the facilities location (Forster and Lilliestam, 2010). Ia-thiscontext;
one-has-to-bear-in-mind;—that-As a cooling agent, given a 32 % energy efficiency, 68 % of the energy used-in—afactlity-is
discharged through the cooling system into the respective stream (Forster and Lilliestam, 2010). This leads to a significant heat

load even on large rivers such as the Rhine (IKSR, 2006; Lange, 2009). As a consequence, anthropogenic heatfluxes—(heat
diseharge)-effects such as industrial heat input, river regulation or stream-side land change can contribute significantly to the
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heat budget of a river and furthermore on T}, (Cai et al., 2018; Gaudard et al., 2018; Raman Vinna et al., 2018). The natural
influences on T, are: [1] Meteorology, including sensible heat flux, latent heat flux, radiative heat fluxes; ehange-in—riparian

vegetation[2] Seuree-source temperature, which describes the origin of the water, e.g. snow-fed, glacier-fed, groundwater-fed;

[3] Hydrelogyhydrology, which influences the water temperature through the amount of water and the flow velocity; together

with the change in riparian vegetation; [4] Ground-ground heat flux.
Dependent on data availability, computing power, accuracy and the questions asked, T}, can be modeled in different ways.

The common optlons are statistical models 'ggv\physwal based modelsaﬁérmede}mgbybﬂeﬁfa%ﬂefweﬂe%Ne&f&kﬁefwefk%

A physical T, model (Sinokrot and Stefan, 1993) parameterizes-al-fluxes-mentioned-in—tand-3;-usually parameterizes or

estimates the meteorological and ground heat fluxes and adds anthropogenic heat inputand-coteets-the-hydrological-and-souree
beundary-conditions2and-4. Each modeled heat flux is then applied to the water mass, initialized with the starting and boundary

conditions of source temperature and discharge. However, it is difficult to get a good estimation of these parameters-different
terms over a larger catchment area. As-a-consequenees-statistical-Hybrid models are in between physical based and statistical

models. They use physical formulation of fluxes but determine their parameters stochastically (Piccolroaz et al., 2016). Hybrid

models can reproduce river water temperatures better than simple statistical models ( e.g. linear regression) (Toffolon and Piccolroaz, 2015

. Their approach includes more parameters and thus, is more complex. However, a simple hybrid model with three parameters is
comparable to a statistical model with the same number of parameters. Statistical models use air temperature (73, ) as a proxy for

sensible, latent and radiative heat fluxes (ground heat flux can be neglected) and establish a T, — T, relationship through re-
gression. T, is rather easily available from meteorological networks or reanalysis products. This is a-well-an established method

and depending on the complexity, linear or exponential models

the-clearanalytie separation-of the-influenees-are used (Stefan and Preudhomme, 1993; Mohseni et al., 1998; Koch and Griinewald, 2010

. Generally exponential models delivers better results with temperature extremes. However, they lack the distinct separation
between contribution to T}, from anthropogenic heat input and natural influences. Using linear models, Markovic et al. (2013)

show that between 81 % - 90 % of the T, variability can be described by Tj,. Furthermore, the authors showed that 9 % - 19 %
can be attributed to hydrological factors (e.g. discharge). The study was dene-conducted for the Danube and Elbe basin-basins
using data from the-1939 te— 2008. These two rivers have comparable mmmwwm

to the Rhine river—Hy

but-determine-their-parametersstochastically-(Piceotroazet-al52646)—, which could mean his results are transferable. These,
although simple, linear models are able to clearly separate the different influences on 7,,,. Another development are spatial sta-

tistical models. They correlate various landscape variables (e.g. elevation, orientation, hill shading, river slope, channel width,

...) across the catchment area and try-aim to statistically determine their influence on T}, at a certain point. These correlations
can be across any distance and do not have to satisfy flow connection or direction in the river system. As a prerequisite, a de-

tailed knowledge about the river system and its characteristics is needed (Jackson et al., 2017a, b). An improvement to spatial




60

65

70

75

80

85

90

statistic models is-was to recognize rivers as a network of connected segments with a definite flow direction (Hoef et al., 2006;
Hoef and Peterson, 2010; Isaak et al., 2010; Peterson and Hoef, 2010; Isaak et al., 2014). Correlation of the variables (e.g.
T,, T, discharge, ...) which influence other T),, is weighted-weighed on their flow connectivity and euclidean distance or flow

distance. These models can also include time-tag-time-lag considerations using temporal auto correlation (Jackson et al., 2018).

Artificial Neural Networks (ANN) are a subset of the statistical models and used when an incomplete understanding of most
contributing processes is given (Hassoun, 1995). ANN use a sample data-set to train artificial neurons the relationship between

input (e.g. air temperature) and output (1},) (Zhu et al., 2018).

1.1 Rhine

Along-the Rhine;up-to-We used a simple linear regression model (transferable to other streams) to investigate the temperature

changes of the Rhine river over 40 years, which had been influenced by 12 nuclear power plants (NPP) have-along the river
Rhine. These NPPs had caused, for decades, the largest part of anthropogenic heat input (Lange, 2009). The nuclear power

production increased in the 1970s and 1980s and reached a peak in the mid 1990s. After the Fukushima disaster in(2011),
the German government decided to exit from-nuclear power production and the-first NPPs were shut down. With-After this
political decision a eleardistinct drop on nuclear power production is-was visible, on top of already decreasing production
rates. Currently(By July 2019 jy-eight NPPs-are-eight NPPs remained operational in the catchment area of the Rhine using
(partly) river water as cooling agent. In this publication, we hypothesize-hypothesized that, next to environmental factors, this
ong-term-decrease-in-power productiontogether with-short-term-economie-changes-have-an-the long-term decrease of power

roduction, which is coupled to a decreasing use of river water as cooling agent, has a long-term (> 10 y) impact on 7, of
the Rhine. Fhis+ i i i = i

Short-term economic changes, observable in the change of
the gross domestic product (GDP), may influence 77, on shorter time scales (< 5 y). As several industrialized hot-spots are
present along the river, this impact might be spatially heterogeneous. Using the nuclear power production and GDP data, we
also investigated the varying anthropogenic impact on 7y, along the Rhine at four monitoring stations (Basel, Worms, Koblenz
and Cologne).

S5

2 Methods

We investigated the change in anthropogenic heat input and its spatial and temporal heterogeneity along the Rhine combinin

ideas from spatial correlation models to develop a new method of calculating a representative catchment air temperature (7).
T, and discharge Q-is-then-at the measurement station () were used in a multiple linear regression T, — T}, (Eq. 1). The medel
isresulting regression coefficients a1, as and a3 describe the magnitude of the respective influences (anthropogenic heat input,
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meteorological and hydrological).

Tw=am oy Tctas:Q M

Using an improved calculation method for 7., which includes catchment-wide averaging with river-size weighing and a

time-lag, the regression should deliver a better estimate for aq, as and as.
The model was run on a Ty, time series from 1979 to 2018 measured at four Rhine stations (Basel (CH), Worms (DE), Koblenz

(DE) and Cologne (DE)). Fhe-period-from-From 1979 to 2018 experienced-several changes in anthropogenic heat input to the
Rhine catchment area --which-makes-occurred, making it an interesting seenario-data-set to be studied.

Ty=a1+az-T.+asz-Q

{e-g—Alps)-is-also-ineladed—Webb et al. (2003); Markovic et al. (2013) have shown that Q-() is inversely related to T, and
an important factor in the T,, — T, relationship. Additionally, it funetions-as-may function as a measure of how fast a the

water mass responds to changes in T),. Ground heat flux, ground water influx and heat generation due to friction are-were
not included in this model because of the comparable small influence (Sinokrot and Stefan (1993) for the Mississippi; Caissie

(2006) as review article).

Using the multiple regression (Eq. H—wemﬁee%peetaﬂyw*e%&g&t& 1)), we especially investigated the change of a; over
time, which we call in this study the Rhine base temperature (RBT). This temperature represents the-T;, without the influence

of meteorology and-discharge- RBT-is-(1},) and discharge (¢)). RBT was defined to be an indicator for industrial heat 1nput and

the use of Rhine water as cooling agent—We-h

eveﬁ#hetefegeﬁeeus—wamﬁﬁg—ﬁdfe—d%ﬂgfhekh% in case both are mostly independent of T, and

3 Methods

2.1 Water temperature and discharge

We use-used a data-set of daily averaged T, and Q-¢) from 1979-2018 gatheredfrom-different-sources-provided by (WSA,
2019; BfG, 2019; LfU, 2019; BAFU, 2019). The original data-sets have-had a 10 min sample frequency and were averaged

to a daily output. Table (1) lists the respective stations along the Rhinet€et—1, stream kmtE€et—2}, data availabilitytCet—3),
the important tributaries upstream (Coel—4)-and-thereference{Col—-5)—and the data-provider. 7T,, was measured by platinum

resistivity sensors (Pt100). The accuracy of theses sensors is commonly 0.5 °C but the precision, which describes the ability
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namestation stream km time period important tributary upstream refereneedata-provider
CologneBasel | KM 688171 | 1.1-4985.1977-31.12.2018 MesetAare WSA26+9BAFU (2019)
KeblenzWorms | KM 596443 | 1.1-4978.1971-31.12.2018 MainNeckar Bf6-2049HLIU (2019)
WormsKoblenz | KM 443590 | 1.1-497+.1978-31.12.2018 NeekarMain EfU-2049)BfG (2019)
BaselCologne | KM 471688 | 1.1-4977.1985-31.12.2018 AareMosel BAFU-(2019)WSA (2019)

Table 1. Lists-of-menitoringMonitoring stations used in this study —Eetumn—twoprovides-from Switzerland (Basel) to the lower Rhine

region (Cologne, Germany). The location as Rhine km—Cetumn-three-provides-, the datarange—The-third-cotamnnames-time-period, the
important upstream tributary and eotumn-fournames-the refereneedata-source are listed.

to detect temperature changes, is 0.05 °C. As we feeus-focused on the change of T, over time and de-did not compare the

absolute temperature, the accuracy is-was not essential and the precision is—stffictent—Errors-intlieted-by-measuringof the
sensors was sufficient for this study. Measurement uncertainties (e.g. depth and location in-the-river-are-also-of the sensor)

were not influencing the calculation, regarding the aim of this study, as long as the measured 7, is-was a linearly dependent
proxy for the average river temperature. ©Q-is-() was provided as daily averages in m® s~! by the source in Tab. (1) and usually
calculated from river-stageja river stage nearby.

The original data-sets have-already-been—verified-by-were provided by state and federal operated monitoring stations which
usually run backup measurement systems. They verified the data and we additionally screened the respeetive souree but-are
sereened-by-us-data-set for suspicious features. Missing data points up to one week are-were linearly interpolated. Longer
data-ottages-and-or recurring data-outages 4 i i i i
stations-which-usuvallyrun-backup-measurement-systems—were not given.

2.2 Air temperature

T, is retrieved from the European Centre for Medium-Range Weatherforcast (ECMWF) Reanalysis Model ERAS. It provides
an hourly time resolution of the 2 m 7, on a %0 by %0 grid. The data-set is available from 1979-2018. We took the hourly 7,

output and calculated a daily mean for each grid point between 1979 and 2018 to fit the time resolution of T,.
2.3 Nuclear Power Plants

The annual electrical power production (EPP) by NPPs is available from the International Atomic Energy Agency (IAEA)
Power Reactor Information System (IAEA 2019). At-mest-12 NPPs (1986 1988) were online in the Rhine catchment area -
: —and eight remained operational by July 2019.
All shutdowns were done-undertaken in Germany. Mmdx&%mm

The heat input
vaby NPPs to the Rhine is-was calculated for each momtorlng station %g—H%—T}wNPP&ﬁfP&b—@%ﬂFe—tﬂe}udeehﬂthe

—using the conversion
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Figure 1. Using-the PRESHAEA;2019)-database-we-estimated-the-heat-Heat input by NPPs-upstream NPP from 1969 to 2048 This-figure
shews-the-total-upstream-heat-input-of- 2018 at each monitoring station.

factor ¢ and the yearly EPP, Eq. 2. NPPs with an exclusive river water cooling system have a conversion factor of three, which
is based on the power efficiency of electricity generation (Lange, 2009). Other factors are estimated depending on the cooling

system used-and personal communication. If no conversion factor was available a constant HI was assumed (Lange, 2009).

HIlGW]= c- EPP[GW]

O ”

The NPPs, their conversion factor and if applicable the constant HI are shown in Tab. 2. The time series of upstream HI b
NPPs for each monitoring station is shown in Fig. 1.

2.3.1 €aleulated-temperature-change

Calculated temperature change

We ealeulate-calculated the expected change in RBFT(ARBT)-AT,, based on a change in heatinpatHI (A HI) by NPPs using
the average discharge @, the heat capacity of water ¢, and the water density p, Eq. (3).

ARBTT,, = _AHRT 3)
N Cp . Q . p

This approach follows the idea that the hes

9 he mPortan nfluence veh-as-m oy and-hvd o\
5O PO S50 n OTO10 n 01082 b3)5

regresston—contribution of NPPs significantly alters the 7}, and only influences the RBT fraction.
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nameNPP country river conversion factor | const. heatinpatHI
Beznau I+11 CH Aaare 3 N/A
Biblis I+I1 DE Rhine 2 N/A
Cattenom I-IV DE Mosel N/A 200 MW
Fessenheim I+I1 FR Rhine 3 N/A
Goesgen CH Aare N/A 50 MW
Grafenrheinfeld DE Main N/A 200 MW
Leibstatt CH Rhine N/A 50 MW
Muehleberg CH Aare 3 N/A
Neckarwestheim I+11 DE Neckar 1 N/A
Obrigheim DE Neckar 3 N/A
Philippsburg I+I1 DE Rhine 1 N/A

Table 2. NPPs included in this manuseriptstudy. The eoversion-conversion factor describes the conversion from eleetrical-power-generation
EPP to heatinputHI. If cooling towers are installed a constant heat input is-was used for the calculation based on Lange (2009).

2.4 Gross Demestie Produetdomestic product

The gross-domestie-produet{(GDP-)-GDP for the adjacent German federal-federated states is obtained from VGdL (2019a,
b). Due to changes in the calculation method of the GDP before and after the German reunification (+99+1990), two separate
data-sets are-were used. For this study only the GDP-change of the secondary sector (construction and production) is-tisedwas
taken into account.

The RBT, if compared to the GDP, is-was filtered using a 10*" order butterworth bandpass filter. The sampling rate of the GDP
is-was 1 4= Weuse-y ! We used 1.1 4=y~ ! as higher and 0.05 4~y _! as lower cutoff frequencies for RBT. This means
that signals with a periodicity larger than 20 y and lower than 0.9 y are-exeluded-were excluded from calculations and display.
The reasoning is-was to make the RBT data comparable to the yearly data of the GDP-change. The low frequency cutoff is
caneelinglong-term-trends-as-a-was canceling long-term trends as the GDP-change is-was only related to the previous year.

The high frequency cutoff is-was used to dampen fast alternating RBT signals in comparison to the slow sampled GDP data.
2.5 Rescaled adjusted partial sums

Rescaled adjusted partial sums (RAPS) is-were used to visualize trends in time series which may not be clearly visible in the

time-series-itseHunprocessed data-set. Equation (4) shows the calculation of the RAPS index €X)-X using a time series Y.

i=k

X=Y T @)

o
i-1 7Y

Y is the average over the total time series, o is the standard deviation of the whole time series, Y; is the thith data-pointin Y.

A change in the slope of the RAPS index only indicates a change in the slope of the original time-series. A negative RAPS
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slope does not indicate a negative slope in the original time series. Garbrecht-andFernandez(1994); Basarin-et-al(2016)-
Garbrecht and Fernandez (1994) and Basarin et al. (2016) used this method to investigate trends in hydrological time series.

2.6 Catchment area

The catchment area is-was calculated using the Hydrosheds database (Lehner et al., 2008). The 12 by 11750 gridded data-set

5
provides information, at each grid point, to which cell the water of a grid cell is drained. Seleeting-By selecting a starting
location, e.g. Koblenz at 50.350-° N and 7.602-°E-tis- E it was possible to iteratively identify all grid points draining into this
location. These grid points represent the catchment area of this location -in-this-example Koblenz(in the example from Fig.
(2) Koblenz). By counting the iteration steps, the distance a water drop travels to reach the monitoring station Koblenz is-was
determined. This is-was done for each statienof the four stations. Additionally, the accumulation number ACC-s-ACC was
obtained from the data-set. It defines how many cells in total are-were draining into a particular cell and it is a measure for the
size of a river. Finally, a grid, which defines the catchment area, the ACE-AC'C' and the hydrological distance is-was established

spanning the whole catchment area. Figure (2) shows the catchment area, the hydrological distance and the calculated flow time

to the Koblenz monitoring station.

22The ACC displays is the number of grid points which were hydrologically connected to this specific grid point. Figure 3
(top_panel) shows the distribution of the ACC'. Each-gri ints-is—ei ori i i o ;

very-grid-point-Large rivers, which have a large AC'C' number, such as the Rhine, Main, Neckar are easily visible due to their
green to yellow color.

2.7 Multiple regression

We-use-a-A multiple linear regression was used to separate the anthropogenic ¢heat input a);-meteerological{, meteorological
ay yand-hydretegieal-tand hydrological a3 jy-contributions to the river water temperature. T, s-was regressed with T;, and

river discharge Q). Their regression coefficients ay (1¢ slope) and a3 (Q-() slope) represent the magnitude of the respective

influences. The offset a; (RBT) combines all other influences ;—which-are-controlled-by-anthropegenic-sourees—which were

not related to a change in T,. or (). We hypothesized that the RBT is directly linked to heat input by power plants, in this stud

NPPs, and other industrial facilities.

~Instead of taking 7|, directly at the monitoring

station, we improve-improved Eq. (1) by a time-dependent-time-dependent and weighed average of T}, (x,y,t) over the whole
catchment, Eq. (5). (x,y) are-were spatial coordinates in the catchment area and a-the subscript o marks the location of the
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Figure 2. Catchment area of the Koblenz monitoring station as an example. The colors show the hydrological distance between the monitoring
station and each grid point of the catchment area. The second y-axis shows the time it takes in days, in our medelset-up, it-takes-to flow
from a certain grid point to the monitoring station based on the hydrological distance. The flow speed is 0.4 msglv\g_l and in-this-study-was

defined to be constant in space and time.

are marked by X. The other markers show the location of the NPPs.Fornames-referto-the-legend:

e-All monitoring stations

measturementmonitoring station.

Tw (Mto) =a1+as 'Tc <$0,y0,t0 + At (xay)> +a3 . Q (xﬂay()ytO) (5)

The new representative catchment temperature is-ealted-ZF-—was called 7T, (zq,yo,%q). It was a weighed average of the whole
catchment area (x,y) which is defined by the measurement point (Xq.yq). The difference between the measurement time tg
and the reading of T, is called timetag—AtGGy)-time-lag At(x,y) and depends on the hydrological distance between the

measurement point and the reading. At(z,vy) is negative and points to a moment in time before the measurement.
Fimelag
27.1 Time-lag

A change in T}, is slower than a change in T7,. The time-lag-time-lag At describes this lagging and is commonly used in water
temperature models.
A reason for the occurrence of At is that the water mass’ mixing capability, heat capacity and surface area cause a strong

thermal inertia. Changing 77, through new meteorological conditions and heat fluxes take time. Therefore, linear as well as
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exponential models eitherase-include either a fixed At for T}, (Eq. 6) or an average of T}, including a time span before (Eq. 7)
(Stefan and Preudhomme, 1993; Webb and Nobilis, 1995, 1997; Haag and Luce, 2008; Benyaha et al., 2008).

T (M%) = Tu(wo,yo,to +At) ©)

7. (sogte) = ST (s0mto) )

A second reason reason-for a mismatch is advection.

in this case the Rhine, exhibit current velocities which enable its water to cover significant distances on time scales larger than
days. Therefore, it is necessary to take the change of T,, in space and time, during advection into account. This is especially
important for daily averaged T, (Erickson and Stefan, 2000). Pohle et al. (2019) average eight days of hydroclimatic variables

over the whole catchment area, Eq. (8). However, this approach does not include the characteristics of flow path and flow speed.

_ r=n,y=m,l=8x=n,y=m,t=17—8
TU(MQ\ZtO)_E:I —00y=0.1=0 1=0y=0.i=ty  La(Z,y,t) ®)

We combine-and-extend-both-tdeas-combined the general idea of a time-lag and averaging T, over the whole catchment area
(Eq. 6, 7 and 8)and-average-T-over-the-whoele-catchment-area-but, but in this study each grid point is-was linked to a specific
timetagtime-lag At (z,y)—A+{#+4), which is dependent on a fixed flow speed ¥-v and the hydrological distance sty)-s(2,y)

to the measurement point, Fig. (2). The distance is-was obtained from the discharge map (Sec. 2.6) and calculated with v-as

desetribed-v as described by Eq. (9). The new At (z, y) represents the mismatch by advection but not specifically the mismatch

through thermal inertia. The thermal inertia would be independent of s(x and a constant added to At. However, we are of

the opinion, that a sufficient part of the thermal inertia time-lag was included in our representation of At (x,v).

At(a,y) = -2 ©)
Wetehine coctficl

2.7.2 Weighing coefficients

Tobler (1970) proposed that close spatial and temporal conditions tend to be higher correlated than those further away. This
feads-led to the introduction of the weighing factor w—We-tise-a-w. A linear decreasing weighing factor from 1 to O was used.
1 is-given-marks the grid point closest (smallest At) to the monitoring station and O the point farthest away (largest At).
As the size of the catchment area—is-areas were different for the four monitoring station, four weight-coefficient-tables-are
ealeulated—weighing coefficient tables were calculated. As an example, Table (3) shows the weighing coefficient for Koblenz;
as-an-example.

Forreasons-of simplification;-a-A catchment-wide hydrological flow modelis-rotused-, estimating the flow speed at every grid
point for every hydrological scenario—Therefore;-the-, was not used. It had not been available yet for every grid point of the

10
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At [d] | weighing factor distance from
measurement point [km]
0 1 0
-1.01 0.96 35.1
-2.00 0.92 69.6
-5.02 0.81 174.6
-13.01 0.50 452.5
-26 0 904

Table 3. This-table-defines-the-weighing-Weighing factors for the distance and the resulting At for the monitoring station Koblenz. At is

calculated from distance and flow speed, Eq. (9). The weighing coefficient is linearly correlated to the At.

catchments and the the focus of this study was to create a simple set-up, also transferable to other river catchments. Therefore
it was decided to work using a constant flow speed of 0.4 msm s~! is-seteenstant. This flow speed is-was determined by

calculating RMSE-the RMSE (whole data-set) of the AC'C'+ At model with a step wise reduction of the flow speed from
+5-msl.4 m s~ to 0.3 msm s—!. The lowest RMSE was obtained at Koblenz at Keblenzis-obtained-at-0.4 msm s~1. The
and for Worms slower flow speeds would lower the RMSE further. We did not include this as it would create unreasonable low.
flow speeds. The reason for the small flow speeds. with lowest RMSE, might be the thermal inertia. As thermal inertia is not

explicitly represented in At (Eq. 9) a smaller flow speed could compensate for that, especially in smaller catchment areas,
The weighing coefficient w is combined with ACE-ACC-ACC. ACC is used as a second coefficient which over-weighs grid

points with large accumulation and therefore large water masses. This ensures a balance between the large number of low ACE
AC( grid points, which carry less water, with-and the influence of 7}, on large water masses. Figure (??)-shows-the-produet
of ACC-and-w-3) (bottom panel) shows ACC' - w over the whole catchment area of Koblenz.

to their ACC' value. A high bin represents large rivers, a low bin their tributaries. The reason was to investigate the importance
of different AC'C bins to the total T, calculation. The ACC bin with the largest contribution in Fig. (4) was normalized to
one making it a relative contribution. The red bars (Fig. (4)) show the relative contribution of-each-ACC-group-using-onlytheir
ACC - w weighing was applied. The results showed that the large ameunt-oftow-ACCnumber at low ACC bins (small water
mass) gric-points-would-have a-large-influence-over targe-ACC have a larger influence compared to the rather low numbers
at high AC'C bins (e.g. large water masses, rivers, lakes)grid-points. The difference in relative contribution is four powers of
magnitude. The white bars show the relative contribution using the ACC*w-number of grid points in the bin and the ACC - w

11
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weighing. This distribution gives-delivered rather equal importance to all grid points as it puts more weight on grid points

covering lakes and rivers. The average difference is-abeut--in relative contribution is about one power of magnitude.

+e
273 T,

Combining Atwith-ACC*w-, ACC - w weighing and the gridded temperature reanalysis data of Sec. (2.2), we propese-this
proposed a new 3D (x,y,t) averaging of T}, shown in, Eq. (10).

T=n,y=m

w (At (z,y)) - ACC(z,y) - Ta (2,y,to + At (z,y)) (10)

1 1
fe <wwt) T nem S w(At(z,y) - ACC(z,y)

rz=1,y=1

s -1 (T ,10) was calculated by weighed (ACC' - w) averagin
T (z,yt+ At (z over all grid points of the catchment area (x=1,...n y=1,...m) which reach-at-the-menitoringstation-at
time-twas set by the measurement point (xo—The-time-tag-yo). The time-lag At is-was an estimate for the time it takes for a

water droplet from a specific grid point (x,y) in the catchment area to the measurement location.

Based on Eq. (10), we-caleulated-the daily T, was calculated for each monitoring station. This temperature represents the
meteorological influence all water droplets have experienced on their way to the monitoring station and is subsequently used

in the multiple linear regression.
Fealeulation-methods
2.74 T, calculation methods

We-additionally-use-Additionally, we used these four calculations methods +-[1] w+Atw + At; [2] avg+At; [3] avg; [4] point,
to compare their results of the linear regression to the calculation proposed in Eq. (10).
[1] We-ase-only-the-w-w weight (Eq. 11) with-time-tagand time-lag only.

T=n,y=m

1 1
g (%t) " mn el | & WA Tt + Ata) (n

[2] No weight, only time-tag-is-usedtime-lag, Eq. (12).

T=n,y=m

1
Tc (%'/Q/v\y\(/)\ztO) - r Ta (x,y,tO+At(x,y)) (12)
LS pm1y=1

[31We-ealeutatea-meanT{aytr)-A mean T, (0. yo,to) over the whole catchment area at the time ¢, of the measurement,
Eq. (13). At isnetusedherewas not used.

Ta (z7y7t0) (13)

g

1
w(z,y) =1 T. <§97Ny&to) =—
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[4]1Fhe-fourth-method-usesT, (x0, Yo, o) at the location x¢,yo and time ¢y of the measurement, Eq. (14).

Tc <%,Q,7Vy\9\2t0) = Ta (3507y07t0) (14)

3 Results
3.1 Water temperature time series

To investigate the long-term-long-term change over time, we fitfitted a time dependent linear function to the time series of
T, and T (catchment average) of all four monitoring stations (Basel, Worms, Koblenz ;-and Cologne). The same is-was also
done, when all four monitoring stations have-had an overlapping data-set (1985-2018)—, Tab. (1). The left column of Fig. (5)
shows-presents the yearly averaged T’, and the linear fits to-for the two time periods. The average T}, of the catchment area is
also shown. Fhe-In the right column of Fig. (5) shows-the RAPS index of T}, as well as T}, is shown. The fit coefficients and
the rate of warming per year are shown-displayed in Tab. (4). We-also-caleutated-the- The calculated Ty, inerease-increased in the
catchment area of all monitoring stations —These-and the respective slopes are shown in column four and five of Tab. (4).

Figure (5) and Table (4) show that the change of T, is-heterogeneus-was found to be heterogeneous along the Rhine. The
slope at Basel is approx. six times higher (8:63560.049 °€yC y~!) than the one in Cologne (0.0084 °€xC y~!), comparing
only the overlapping data-set. However, during the same period T, shews-(0.05 °C y ! Basel, 0.05 °C y~! Cologne) display
similar behavior at these two stations, which is an indication of similar meteorological influence. The 7', warming rate from
1985-2018 for Worms and Koblenz are in between those from Cologne and Basel. These two stations show similar 7, warming
rates when-comparing-compared to Basel and Cologne. Generally, the T,, warming rates are less than 5 % different from each
other. Arora et al. (2016) showed a mean 7', warming rate of north and north-east Germany rivers of 0.03 °C y_! (1985-2000)
and 0.09 °C y—! (2000-2010). Regarding our time-period (1985-2010) these values are plausible. Basarin et al. (2016) found
a maximum increase of T, at the Danube at Bogojevo (1950-2012) of 0.05 °C y~ " which is matching the maximum increase

stations. The reason could be the hiatus of global warming (Hartmann et al., 2014), which is a flattening of the 7, increase
between 1998-2012. This period is full

2016) and our data-set but we investigated further until

2018, when the warming of T, has already increased again (Hu and Fedorov, 2017). Michel et al. (2020) investigated T, at

52 river gauges in Switzerland representing most of the Rhine catchment area at Basel. The authors reported an average 7,
increase at the 52 stations of 0.037 °C y ! (1998-2018) and 0.033 °C y—! (1979-2018). T,, increased 0.039 °C y—! (1998-2018

included in the Arora et al.

and 0.046 °C y—! (1979-2018). Comparing this to our results at Basel, the T,, warming rates are similar, The difference might

The difference of 7}, warming (approx. 0.021 °C y—1) could be interpreted that a lot of warming might occur in the broader

vicinity before the Basel monitoring station.
The R? also-shows-values make differences between the measurement stations-four monitoring stations visible. Basel exhibits

the largest R? values and these are consistently high for 7,, and T},. This is in contrast to the station Cologne, where R? of T}, is

13
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station | slope T, whole data-set | corr. T, <+ T, | slope T, 1985-2018 | corr. T}, <> T}, | slope T, whole data-set | slope Tr, 1985-201
[°eyCy '] ‘whole data-set ["eyCy~ '] 1985-2018 [°eyCy ' [*eyCy~']

' Basel 0.054,R* = 0.66 0.867 0.049,R* = 0.38 0.874 0.050,R* = 0.48 0.050,R* = 0.32

" Worms 0.055,R* = 0.52 10690 0.035,R> = 0.38 0.729 0.050,R*> = 0.20 0.048,R*> = 0.36

Koblenz 0.033,R> = 0.31 0778 0.024,R*> = 0.38 0762 0.052,R* =0.11 0.048,R*> = 0.36

Cologne 0.008,R*> = 0.001 0499 0.008,R*> = 0.31 0499 0.050,R* = 0.001 0.050,R*> = 0.31

Table 4. Slope of the-linear fits and Pearson’s correlation coefficients to the daily temperature data —Fhesecond-cotamn-is-afit-to-at the

available-F—data-setfour monitoring stations. The third-eolumn-is-afitto-the-overlapping F-data-set from1985-2018—Thefourth-column

used is therate-of-F5—inerease-described in the respective-catchment-area—during-the-whole-data-set—Thefifth-column is-therate-of-75
Sheader. Next to the slope values are the R? values, which are statisticat-statistically

significant enty-if MMQ

low-and-insignificantwas low and statistically not significant. The slope of 7, at Cologne is lower than at the other stations but

still significant—statistically significant. The Pearson’s correlation coefficients between 7, and 7;, were lowest at Cologne and
largest in Basel. For T, the RAPS indexes-index of all monitoring stations shews-showed four concurrent sections (start-1987;

1987-2000; 2000-2014; 2014-end). Their borders are marked by the blue triangles in Fig. (5). The seetions-section between
represent slope changes of the RAPS index and indicate trend changes in the original time-series. The T, RAPS index for
Basel shews-displayed the same pattern of sections as the 7}, index. All other stations show-a-different-showed other RAPS
T, to RAPS T, patternpatterns. This means that the 7, and T, trends of the original time-series are-were different at these
stations. Ty, can not fully describe the trends in 7T:,,.

We hypeothesize-hypothesized that different meteorological conditions are-were not the reason for this difference. Meteorolog-

ical differences should be-have also been visible in the T, warming rate of the four stations, which is-was not the case. The

RAPS analysis for T, and T, RAPS-enly-correspond-for-only coincided within the Basel data-set. Therefore;~we-apphied-the

3.2 Regression

We fitted the multiple regression model (Eq. 5), using 7. and Q-Q) to T, of each monitoring station for the available data-set.
Afterwards, we reealeutate-Frecalculated Ty, v0delieq Using the regression coefficients aq, as and a3. From the comparison
between the modeled-T,, ,,0dc1cq and measured T, we-caleulate-the root mean square error (RMSE) and the Nash-Sutcliffe
coefficient (NSC) for each monitoring station was derived, Tab. (5). To support the introduction of weighing coefficients
ACCHw-and-a-catchment-wide-ACC - w and At, we eompare-compared five different calculations of T;. from Sec. (2).

14
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RMSE NSC
deser-method Basel Worms | Koblenz | Cologne || Basel | Worms | Koblenz | Cologne
ACCEWHALACC - w4 At 1.65 1.24 1.02 +411.31 || 0.93 0.96 0.97 0.95
(1) w+At 1.56 1.33 1.43 +861.87 || 0.92 0.95 0.95 0.92
(2) avg+At 1.61 1.45 1.70 2:642.08 || 0.93 0.94 0.93 0.90
(3) avg 2.48 243 2.37 2.97 0.82 0.84 0.86 0.79
(4) point 2732.67 | 2.55 2.63 2.85 0.78 0.82 0.82 0.80

Table 5. RSME [°C'] and NSC for all T¢. calculation methedmethods. The-Different T calculation methods and the regressions are applied
over the total data-set. The RMSE and the NSC are calculated between T\, and Ty, ymodeized. The first column contains the calculation
methodnumber-and-the-method-short-deseription. The best results for each monitoring station and each calculation method are bold.

Table (5) shows the RMSE and NES-NSC values for all correlations. The lowest (RMSE) and highest (NSC) values are-were
displayed bold in Tab. (5). The lowest RSME is-was found to be 1.02 °C for ACC*w+A+ACC - w + At (row one) at the
Koblenz station. At this location also the largest NES-NSC of 0.97 appears—We-optimized-the-flow-speed-appeared. The flow
speed was optimized for lowest RMSE at the Koblenz station—Jtis-, Sec. (2.7.2). It was evident that the three methods including
a At have a lower RMSE (below 2.01 °C, lowest 1.02 °C) than the two methods without a At (above 2.37 °C, largest 2.97 °C).
The same trend holds-for NES-held true for NSC where the At methods are-were above 0.90 and the other two are-were below
0.86. We think that the use of a catchment-wide At impreves-improved the quality of the multiple regression analysis and is
delivered a significant improvement to the T,, — T}, based modeling. Itis-interesting-hatcombining-ACC-with-the-w-weighing
factor provides Interestingly, combining ACC and the weighing factor w provided the best estimation —Figure-for all stations,
except for Basel. The content of Fig. (4) could be-the-reason—Witheut-ACC-explain this result. Without AC'C' weighing small

water masses (small ACC)-are-overrepresented-AC'() may be over-represented in the contribution to 7. Large ACC-ACC
grid points represent large water masses (rivers and lakes) and the-influenee-of-F5-on-them-would-their influence on 7, may be
otherwise underestimated. At Basel the fraction of low ACC grid points was relatively small compared to the other stations, as
Basel is closest to the water sources and has the smallest catchment area. Therefore, the ACC weighing might have provided

weaker results.

As the ACCEw+Atprovidesthe ACC' - w + At provided the smallest RMSE, this calculation method is-was used for all further
calculations of 7.

In the supplement we provide a calculation of the regression coefficients for the year 2001 only. These coefficients are-used
were then taken as a basis to calculate T, for each year from 2000 to 2018. The RMSE and NES-data—is-NSC data was
consistent in magnitude with the long-term regression-regressions of this section. The RMSE at Koblenz rangesranged from
0.75 °C'to 1.22 °C'. A lower RMSE is-was caused by the shorter regression period. This supports the stability and validity of

our-the regression model.

3.3 Rhine base temperature
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name period ARBT from data-set | ARBT-AT,, from Eq. (3) | AHI [GW]

Basel 2008-2017 -0.26 0.04 0.17
Worms 1996-2017 1.29 1.19 7.14
Koblenz | 1999-2017 1.59 1.45 10.5
Cologne | 1998-2017 1.21 1.55 10.7

Table 6. Change of RBT (column three) in the time period given in column two. The start of the period indicates the maximum heat-inptt
HI of NPPs at the respective measurement-monitoring station. The calculated temperature-change-AT,, (column four) and the change in HI

by nuclear power plants (column five) are also provided. The calculations were done using Eq. (3)

on-F—We-use-the RBT-The RBT was taken to explain differences in the T, warming rates of Tab. (4). Fo-peint-out-changes
over-time;-we regress-a-two-year We regressed a two-year segment of the T:, time series and use-set a step size of one month in
order to create a RBT time series over the avaitable-full data-set. The regression of a two-year segment should also compensate

extreme events occurring during one year. These could be extreme low discharge or extreme water temperatures, to which
industrial and power production had to react. As the absolute RBT cannot be meaningfully interpreted, only the changes of

RBT over time are shown in Fig. (6). We subtract-subtracted the last data point of each time series from the rest of the data and

shew-showed the change of RBTvs-time-and-, a four-year running mean —The-heatinput-and A RBT (Eq. 3) vs time. The HI
by NPPs is shown as a dotted blue line with the y-axis on the right hand-side—(Fig. (6)).

Longterm-trend

3.3.1 Long-term trend

In this studylengterm-trends-oceur-, long-term trends were visible on time scales of decades. Fhis-time-secale-is-on-one-hand

ma anangh o haua onif nee—in—th 40—~rea+—d o nd on tha athar h

power-production-The-heatinput-by-NPPsand-The HI by NPPs, the four-year running mean RBT fellow-and ARBT followed a
similar trend in this analyis, Fig. (6). After the maximum ef-heat-discharge-by-heat discharge from NPPs between 1996-1998,

the heatinput-HI as well as the RBT of Worms, Koblenz and Cologne declinedeclined. The RBT started its decline 1-2 years
before 1995, which might have been triggered by the recession in 1993 and a sharp drop in the German trade-balance. At
Basel the RBT as well as the heatinputstay-HI remained comparably constant. To-investigate-these-similar-trends-we-caleulate

ARBTAdditionally, we calculated AT, based on the change in HI, using Eq. (3), at every station and eempare-compared it to
the ARBT from the measured-Tiregression model, Tab. (6). The period for each measurement-monitoring station starts at the

maximum heatinpat-HI by NPPs for the respective station and ends in the year 2017.
At Basel, both simulated and calculated RBT changes are-were negligible due to the lack of change in HI. At all other stations,

the change in HI is-was reflected in the change of RBT. The maximum difference between simulation and calculation is-was
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found to be 0.34 °C'. Before 1995 Worms, Koblenz and Cologne showed an approx. 1 °C offset between ARBT and AT, (Fig.
6)). This was occuring during a time when the NPPs HI remained relatively stable but the GDP increased by 30 % between

1985-1995 (Worldbank, 2020). The change in nuclear power production over a time period of 30 years or more can explain

changes and the heterogenous warming rates of T, along the Rhine-riverriver Rhine. NPPs may also impact 7T, at much
shorter timer-seale-time scales but do not seem;-to-our-bestknowledgete-change their power output accordingly.

Short term trend

3.3.2  Short-term trend

Shert-term-Short-term changes (< 5 y) in RBT (Fig. 6) are not likely to be influenced by the overall heatinptt-HI from NPPs,
as they-change-these adopt production at longer time scales;-but-rather-by-. More important are local industrial conditions,
which could also include fossil fuel power plants. However, not all influences to the coefficient a; and subsequently to RBT
originate from industrial production. Various potential influences are unknown and not within the scope of this publication.

in-the-outflow-temperature-of-atakeFor Basel, it was not possible to satisfyingly explain the short-term variations. The Rhine

and its tributaries upstream are flowing through sub-alpine lakes and, in relation to the downstream part, are not strongl
2018)

For all other stations, we hypethesize-hypothesized that local production facilities and their heatinput-HI into the Rhine are
responsible for the short-term—changes—TFherefore—we-compare-short-term changes by comparing the RBT time series to

economic data. Figure (7) shows the comparison of RBT (black line, one year running mean) vs the changes in the GDP (blue

industrialized. Lakes have a complicated heat budget (Raman Vinna et al., which was not focused on in this analysis.

3

line). A discontinuity in the GDP at 1991 is visible, due to the German reunification, when the calculation method of the GDP
changed. Therefore they-are-the data was plotted as separate lines. For Worms (Fig. 7, bottom panel) we added the change of
turnover of the BASF company (red dashed line (AG, 1989)). The-BASF is a chemical-company-One-major chemical company
and one of its largest production facility, with an estimated heatinput-HI of 500 MW to 1 GW, is located 12 km upstream
(km 431) from the Worms station. We-hypethesize-that-production-and-heatinput-It was investigated if the production and HI
changes of this factory are-were also visible. In 1985, although the change in GDP does-did not indicate a large RBT change,
a RBT decrease is-was visible. This is-backed-was indicated by a turnover decrease in 1985 and 1986. After the German
reunification 9941990, a negative GDP change (recession) is-was evident. This is-was followed by a BASF turnover decline
as well as a decrease in RBT. After that, the RBT felews-followed the up and down movements of the GDP ;-and so does the
BASEF turnover (only shown until 2000). Especially the economic events such as the burst of the dot-com bubble (early 2000s)

and the mortgage crisis (2008) are-were visible in the RBT and in the GDP, when a decrease of both parameters followed. The
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two events are marked with-by triangles in Fig. (7).

Before 1990, the RBT at Koblenz dees-did not follow the GDP trend and shows-showed a rather anti-cyclic behavior, which
can not be explained yet. After 1991, the RBT foHows-followed the general trend of the GDP but dees-did not seem to be
strongly influenced by the short recession after the German reunification. Again, economic events such as the burst of the
dot-com bubble (early 2000s) and the mortgage crisis (2008) have-displayed an influence on the RBT.

The RBT at Cologne does-did not seem to be strongly influenced by the recession connected to the German reunification, but
after 1999 the RBT follows the up and down trends of the GDP.

For all monitoring stations, we-added-a red dashed line was added between 1995 and 1999. This dashed line indicates the
production rate of German oil refineries (MWYV, 2003). From 1995 to 1999 German refineries ran at full capacity tevel-(100 %).
Usually the capacity levels do-did not exceed 90 %. The increase in production is-was clearly visible in the RBT ef-ar Cologne,
where a large oil refinery is located 19 km upstream at km 671 (Rheinland refinery). The RBT at Worms and Koblenz could be
influenced by the output of a refinery next to Karlsruhe at km 367 (Mineraloelraffinerie Oberrhein).

Ceorrelation
3.3.3  Correlation

We eerrelate-correlated the GDP-change to-and the filtered RBT signal. It is-noticeable-that-we-must-shift-the-GDP-change

was noticeable that a 480 days shift to the past was needed to get matching trends. This means that a change in RBT or an-
thropogenic heatinput-appears-HI appeared about 480 days earlier than in the GDP calculation. The shift could be caused by
two reasons: [1] We-are-using-Using the GDP difference of two consecutive years, which-has a significance at a unspecific
point of time within these two years. [2] The GDP eould-be-is lagging behind the real economic situation, in this case the
industrial production. Yamarone (2012) elaims-that-GBP-is-claimed that GDP was a coincident economic indicator similar to
industrial production. However, he-tises-the author used quarterly GDP calculations vs-ouranntal-data-and in this study annual

data was used. The quaterly data-set could-be-reacting-may react faster to changes. A second thought is-thathe-compares-was
that (Yamarone, 2012) compared industrial production calculations, which is an economic index, to GDP (another economic

index). We-have-basically-real-time-datafrom-the-industrial-heatinputIn this study real-time data from industrial HI into the
river was processed. This shift is-net-done-in-has not been done for Fig. (6) because a shift of 1.5 y on a 40-year time scale is
negligible.

Table (7) shows the Spearman’s rank correlation coefficients of Worms, Koblenz and Cologne fo+ACCHw+Atfor ACC - w + At
calculation method, which predueesresulted in the lowest RMSE in Koblenz. All correlations are-positive-and-were found to
be positive and statistically significant (p<0.05). The correlation in Koblenz is-the-was highest. Fig. 8 shows the filtered RBT
signal vs the GDP-change at the three monitoring stations. The RBT time-series is-was detrended and filtered. This—graph
depiets-in-detail-the-eorrelation-of- GDP-change-and RBT-Most of the timethe-change-in-filtered-and-shiftedRBT-iscoineident;
after-shifting)-, the variations in the RBT (filterend and shifted) were coincident with the GDP-change. The RBT peak from
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name ACCEWHALACC - w 4 At | significance

Worms 0.48 p<0.05
Koblenz 0.53 p<0.05
Cologne 0.44 p<0.05

Table 7. Spearman’s rank correlations between RBT and GDP-Change for ACC*w+AtACC - w + At. The last column shows the signifi-

cance.

between 1995-1998 is-was not very well represented by the GDP-change, which has already been discussed earlier in context

of Fig. 7.

4 Conclusions

We introdueeintroduced a new catchment-wide air temperature 7, which deereases-decreased the RMSE (Tab. 5)ina T, — T,
regression. T is a weighted(ACC*wweighed (ACC - w) average of all T}, across the catchment area including the use of At
for each grid point according to the hydrological distance and flow speed. This+ i i
the approach, this time-lag was used as an indicator for the point in time when a water droplet was at a certain grid cell in the
catchment area. As a result, one can get a better estimate which T}, a water droplet experienced on its way to a monitoring
Wﬁmmbena linear T,, — T, estimates. This improvement

in the T, — T, relationship s may support the analysis of processes in the
heat budget of rivers. Usually T}, data is readily available and can easily be combined with Q-data-for-a-() data for multiple

w.

linear regression analysis. Still a sufficient long (decade) time-series of 7', ts-was required. Nevertheless a linear relationship

is-was found to be simpler than a full physical model which requires all meteorological fluxes as parametersinput quantities.

This-a-ease-studyfor-the-In the prove of concept, we focused on the Rhine catchment area but in principle the model can

be theereticallyused-in-applied to any river system around the globe—Catchment-area-, if the respective long-term data are
available. However, catchment-area data and reanalysis T, data are often globally available. Morrill et al. (2005) shew-showed

a linear T, — T, relationship for 43 rivers with various catchment areas in the subtropics. This eeuld-indicated-that-this-case
stady—of-the Rhine-potentially indicates that the proposed model and procedure can be applied g%eb&Hy—there—m—&%lee#

with catchment-wide hydrological models to improve the accuracy of the time-tag—time-lag. The time-lag used in this study
was based on try and error in search for the lowest RMSE. A detailed catchment wide hydrological flow model would be

importance of the advection time-lag vs the thermal inertia time-lag.
Using-With T, we regress-regressed four 17, time series (Basel, Worms, Koblenz and Cologne) along the Rhine. The offset in

the this regression ap, which-we-call-was called RBT, and its change over time is-was found to be an indicator for anthropogenic
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heat-inputHl. The RBT ean-be-correlated—with-tengtermpositively correlated to long-term economic changes such as the
decrease of nuclear power production as well as short-term-to short-term economic events. We show-that-change-showed that

changes in production rates (oil refineries or chemical industry) as well as a change in GDP ean-may influence the RBT and
therefore the Rhine water temperature. AdsitionathyAdditionally, the Spearman’s Rank correlation between RBT and GDP is
positive and significantwhich-supports-the-conneetion-between RBT-and-GPP, delivering another indication for the relation.

This case study could-be-on-one-hand-might deliver a tool for understanding-the-long-term-better understanding of long-term
consequences of industrial water use and en-the-other-hand-it might be used as a verification tool for reported heat-inputHI.

Germany has a rigorous reporting system on cooling water use. However, other countries could check if industrial heatinput

Hl is in accordance with legislative guidelines:, without depending on official reports. Whether the ongoing COVID-19 (2020

andemic and its impact on the economy is also visible using the offered procedures, will need to be proven after the crisis.
Hardenbicker et al. (2016) estimateestimated, using a physical model (QSim), that between the reference period of 1961-1990

and the near future 2021-2050 the mean annual T, of the Rhine could increase by 0.6 °C-1.4 °C. This trend ean-be-supperted

by-our-historieal-data-however-they-use-is plausible, according to the historical data analyzed, if the 7, increase remains
constant. However, they used a constant anthropogenic heat-input-Different HI by e.g. power plants and production industries
and different warming rates along the Rhine eotld-oceurby-achange in-anthropogenie-heatinput—can result from changes in
anthropogenic HI. Next to the global air temperature increase, the industrial use of river water is advised for the future Rhine

Wwater temperature.
The difference of the T', warming rate between Basel and the other monitoring stations in eur-the time-series data can be

explained by the change in nuclear power production and the influence of general industrial production. This eowld-mean

closely-connected-with-river-water-temperature-managementcalls for a more integrative river water management than today.
For the Rhineriver-we-find-a-deereasingriver Rhine a decreasing (except for Basel; RBT--) RBT which indicates a decreasing
anthropogenie-heatinput—However;-other-HI, was found. Other river catchment areas with growing energy intensive industries
could-experiencealarger warming rate-than-it-is-might be impacted by much larger warming rates than those caused by the

general increase of T, experiencing all consequences for the-physical, chemical and biological processes.
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show the relative contribution using-(largest contribution normalized to one) by the number of grid points in this bin only. The white bars
show the distribution using the number of grid points in this bin and weighing AC€*wACC - w.
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Figure 5. Left column: Yearly averages of water temperatures at the four monitoring stations (black line). The red-dashed-red-dashed line is
a fit to the available data-set. The red-dottedred-dotted line is a fit to the overlapping time period (1985-2018). The blue line is the yearly
average air temperature of the catchment area.

Right Column: RAPS T, (black) and 7%, (blue) indexes. The triangle markers divide the RAPS index into sections based on a slope change
in the RAPS index. Each section also represent a trend-change-trend-change in the original T;, and T, time-series.
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Figure 6. RBT from four monitoring stations (black solid line). The red dashed line is a-four-yearthe RBT four-year running mean. The
magenta line with the + markers shows the ARBT relative to the last year. The blue dotted line is the upstream heatinput-HI by NPPs, Sec.
(2.3).
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Figure 7. The change of RBT (black solid line) at three monitoring stations (Colgone, Koblenz, Worms). The blue dashed line is the GDP-
change of the adjacent federal states. To explain trends during two time periods the red dashed line, which is the turnover of the BASF
company, and the red dotted line, production rate of the oil refineries, are-were added. The triangles mark the years 2000 (burst of the

dot-com bubble) and 2008 (mortgage crisis).
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Figure 8. The-three-panelsshow-the-detrended-Detrended and filtered RBT signal (black solid) and the GDP change (blue dashed) at the

Cologne, Koblenz and Worms.
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