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3.2. DEFINING “THERMAL SIGNATURES” OF ALTERED REGIMES
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3.3 ldentifying altered regimes through clustering

The objective of this step is to cluster stations using the scaled values of the ve thermal signa-
tures de ned in Table 3.1. For this aim, K-means clustering (with Euclidean distance) is used.
This method is an unsupervised learning algorithm that partitions n observations into k clusters,
where each observation belongs to the cluster with the nearest mean, serving as a representative
of the cluster. In theory, thermal regimes that are in the same group should have similar catch-
ment properties and/or features, while thermal regimes in different groups should have highly
dissimilar catchment properties and/or features. The optimal number of clusters is obtained us-
ing the NbClust R package (Charrad et al., 2014; R Core Team, 2013). This package provides
30 popular indices that determine the number of clusters in a dataset by using the k-means clus-
tering method and offers the user the best clustering scheme based on different results. The
number of clusters suggested by the majority of these indices is selected.

The greatest proportion of indices (11 out of 30) suggests an optimal number of three clus-
ters based on the ve thermal signatures. Figure 3.7 represents these clusters as the colors of
individuals/stations on the principal component map. Indeed, this map shows there is a clear
difference between the 3 obtained clusters. Furthermore, Figure 3.6, bottom right panel shows
the different spatial distributions of the obtained clusters. Stations in cluster 1 are located in the
upstream part of the basin (HER A). Stations in cluster 2 are scattered over the basin, and 60%
of the stations in cluster 3 tend to be found in the upstream part of the basin.

Figure 3.7: Representation of individual stations on the principal component map and their corresponding cluster.
The numbers are showing ID of each station.

At this point, the question arises which clusters are showing altered regimes. To answer
this question, rst, the obtained clusters are labeled. The statistical distribution of thermal
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signatures within each cluster suggests the proper labeling of the obtained clusters with regard
to the underlying physical processes (Figure 3.8).

First, the lowest median values of TS (0.22) arfd(®23) are observed in cluster 1, along
with the greatest median value of lag time (26 days). Therefore, cluster 1 is labeled as “dam-
like". Second, the greatest median values of TS (0.42), heating effect (1.38°C), and thermal
effect (0.65°C) are found in cluster 2. The second cluster is thus labeled as “pond-like". Finally,
the median value of TS in stations that belongs to cluster 3 (0.34) is closer to the median value
of TS in the stations in the pond-like cluster than that of the stations in the dam-like cluster.
Stations in cluster 3 also exhibit the highest median value?ofiRd the smallest median values
of heating effects. In this regard, cluster 3 is labeled as “natural-like".

Figure 3.8: Statistical distribution of thermal signatures in each cluster: 1.dam-like with 21 stations; 2.pond-like
with 96 stations; 3.natural-like with 213 stations.
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3.4 Cross validating derived clusters

The derived clusters are validated in three ways, each based on the expectation that stations
clustered together would have similar catchment properties and anthropogenic features.

3.4.1 Presence-absence test

In a rst step, a simple presence/absence test is used for upstream human constructions (i.e., to
answer whether the station has an upstream pond or dam). The odds ratios are then calculated
for each cluster from the presence/absence counts of upstream dams or ponds to determine
the strength of the association between the clustering based on thermal signatures and known
anthropogenic in uence. For example, for a cluster with dam thermal signatures, the ratio is
calculated between the odds of being in that cluster given the presence of a dam and the odds
of being in the cluster given the absence of a dam.

In support of the chosen labeling scheme, 71 % of stations (15 out of 21) in the dam-like
cluster have an upstream dam, and if a site contains an upstream dam, itis 31.1 times more likely
(p< 0.001) to be in the dam-like cluster than if it does not have an upstream dam. Similarly,
94 % of stations (90 out of 96) in the pond-like cluster (N=96) have ponds in their catchment
and if a site contains an upstream pond, itis 6.5 times more liketyQi®01) to be in the pond-
like cluster than if it does not have an upstream pond. The lower odds ratio for the pond-like
cluster is due to the high proportion of stations (49 % of all stations) outside of this cluster that
does have upstream ponds (i.e., false negatives). Indeed, 72 % of stations in the natural-like
cluster (153 out of 213) have ponds in their catchment.

The presence/absence test of dams and ponds is the rst and simple validation. Indeed, the
presence of dams and ponds in the upstream part of a station does not by itself prove that the
regime is altered, and so more validation is needed.

63



3.4. CROSS VALIDATING DERIVED CLUSTERS 3

3.4.2 Dam and pond characteristic distributions

To test how well the clusters align with speci ¢ anthropogenic features, statistical distributions

of dam and pond characteristics, described in Table 3.2, are compared among the clusters us-
ing ANOVA and the post-hoc Tukey's Honestly Signi cant Difference t-test with Bonferroni
adjustment. Prior to any analysis, the homogeneity of variances and normality is ensured by
using log-transformation when necessary. Because the cross-validation data rely on measured
dam and pond characteristics, these analyses are conducted on subsets of stations with known
dams (n=38) and ponds (n=253). It is hypothesized that stations from the respective dam- or
pond-like clusters would have greater or lower values of their respective feature characteristics.
For example, it is expected that stations from the dam-like cluster would have a much smaller
distribution of distance to the closest dam than the other clusters, or stations from the pond-like
cluster are expected to have a higher proportion of ponded surface area than the other clusters.
Hence, this provides a more detailed validation than the simple presence/absence test.

Results show that the statistical distribution of dam descriptive variables differs from one
cluster to another—IRI (p=0.019lgam (p=0.005), and IRHyam (p=0.035). This provides strong
support for the clustering results (Figure 3.9). Dam-like stations are located closer to their
upstream dam (median=4.8 km) compared to pond-like stations (median=10 km; p=0.001) and
natural-like stations (median=6.5 km; p=0.014). Similarly, dam-like stations have upstream
dams that are an order of magnitude larger (implied by larger values of IRI, median=14.3 %)
than dams upstream of pond-like stations (median=0.36 %; p=0.003) and natural-like stations
(median=3.7 %; p=0.012).

The mean values of pond descriptive variables also differ from each other among the clus-
ters, but the differences are less pronounced than for dam descriptive varidgiggreach
(p=0.97), f_pondreach (p=0.854), andfpongcatchment(P=0.003) (Figure 3.10). Although statisti-
cally non-signi cant, pond-like stations have over twice as much ponded reach area than nat-
ural like stations at both the local reach scale (medigAdreact—=1.4% versus 0.6%; p=0.578)
and the catchment scale (mediﬁn,ndreach:G.S% versus 3.0%; p=0.815). These results are
mirrored by the overall proportional ponded area at the catchment scale (i.e., not just along
reaches) for pond-like and natural-like stations (medigdhgcatchment0.14% versus 0.07%;
p=0.001). The dam-like cluster is not analyzed with t-tests because it is assumed that the stream
temperature regime resets at the dam position and the cumulative effects of ponds will be lost.
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Table 3.2: Descriptive variables tested for assessing the links between thermal signatures and dam/pond char-
acteristics. Mean and standard deviation values (SD) are shown for the 330 stations selected in the study.

Notation Variable Mean SD Unit

Dam characteristic3

dgam Distance from the closest upstream large dam 6.6 4.2 km
IRI Impounded Runoff Index of the closest large dam 11 16 %
IRI=Dgam IRI/distance from the closest large ddm 10 25,5  %/km

Pond characteristics

fpondreach Fraction of station's reach surface area that is porfded 7.5 12 %

fpondreach Fraction of station's reach surface area that is ponded,; 1.6 2.7 %
averaged over all upstream reaches

fpondcatchment ~ Fraction of the catchment area that is ponted 0.17 0.8 %

Catchment characteristi€s

Ta Annual mean Ta at station 12 15 °C
Acatchment Catchment area 232 300 Km
Alt Altitude at station 399 290 m

S Upstream mean slope 0.037 0.03 m/km
D Distance from the source 30 20 km
Wy Width for median discharg® 87 63 m

Dy Depth for median discharde 0.3 0.16 m

q Mean annual speci ¢ discharge 10 4.9 ls/knd

Cl Concavity index 0.4 0.08 -

Veg Rate of vegetation cov&r 83 22 %

aThe data on dams' characteristics (location, height, and volume) are provided by the Loire-Bretagne water
agency (AELB) (Chandesris and Pella, 2006).

b Ratio of dam volume to mean annual runoff.

©To capture the interaction between the dam characteristic and the position of a station from the dam.

dThe surface areas of ponds are extracted from BD CARTHAGE® (IGN, 2006).

€ Extracted from SYRAH-CE database (Valette et al., 2012). The nal nodes of each considered river segment
are at important con uences and topologically important places.

A proxy of cumulative effects of upstream ponds.

9 These variables are available on the Theoretical Hydrographic Network for France (RHT, Pella et al., 2012).
h From the ESTIMKART empirical model developed by Lamouroux et al. (2010).

' Based on geostatistical interpolation on the Theoretical Hydrographic Network for France (RHT, Pella et al.,
2012). (Sauquet et al., 2000; Pella et al., 2012).

I Cl: (Q10-Q99)/(Q1-Q99); represents the shape of the dimensionless ow duration curve. This descriptor is a
measure of the contrast between low- ow and high- ow regimes. Values close to 1 are observed where there
are large aquifers or storage in snowpacks. Values close to 0 are related to catchments exposed to contrasting
weather (Sauquet and Catalogne, 2011).

K Derived from remote sensing on both sides of reaches with a buffer of 10 m at the station, as reported in
SYRAH-CE database (Valette et al., 2012).
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Figure 3.9: Boxplots of dam descriptive variables for all 38 stations with an upstream dam. The information about
the volume of six of these stations is missing. The t-test has been done with the reference group of the dam-like
cluster. *** ** and * indicates that the dam characteristics for the group of the dam-like cluster are signi cantly
different from those in the other two clusters at the 1, 5, and 10% con dence levels, respectively.

Figure 3.10: Boxplots of pond descriptive variables for all 253 stations that have upstream ponds. For dam-like
stations, the impounded surface water by an upstream dam is removed from the calculations wherever there is
information on it. *** ** and * indicates that the pond characteristics for the group of pond-like cluster is
signi cantly different from natural-like cluster at the 1, 5 and 10% con dence levels, respectively. The “ns” shows
the pond characteristics for the group of pond-like cluster is non-signi cantly different from the natural-like cluster.
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3.4.3 Multiple regression with catchment variables

The dam/pond thermal signatures clustering is also validated by using catchment-speci ¢ dam
and pond characteristics in the presence of other natural landscape predictors as controlling
factors. To do so, forward and backward stepwise linear regression is used (MASS package in
R; Venables and Ripley, 2002) to select the catchment, dam, or pond characteristics (Table 3.2)
that best explain their respective thermal signatures. The catchment descriptive variables are se-
lected based on hypothesized controls on thermal regimes, and a preliminary multi-collinearity
assessment using various diagnostic tests from the mctest R package (Imdadullah et al., 2016).
Note that the most contributive predictors i.e. ones leading to signi cant performance improve-
ment to the model are selected at the end.

The stepwise multiple regression procedure broadly supports the clustering results and indi-
cates that dam and pond characteristics are the strongest controls on thermal signatures. Indeed,
of the 10 considered catchment variables (see Table 3.2), only two arise as being important pre-
dictors of or controlling factors on thermal signatures (Table 3.3). Please note that the descrip-
tive variables (see Table 3.2) that do not appear in Table 3.3 are not selected by the algorithm
(stepwise linear regression), and are thus irrelevant.

Table 3.3: Stepwise multiple linear regression results for cross-validation approach relating descriptive variables
for dam and pond thermal signatures. ***, ** and * denote signi cance at the 1, 5, and 10% con dence levels,
respectively. Scaled coef cients are shown in parentheses for comparison among predictor variables.

Dam signatures

Descriptive variable TS () R? (-) lag time (days)
S [mekm] 232.85 92.891**
(0.377£0.151)
dgamkm| 0.015 0.005*** 0.029+0.010** -1.6 0.560***
(0.458 0.140) (0.385 0.141) (-0.425 0.151)
IRI [%] -0.002 0.001** -0.009 0.002***
(-0.306 0.145) (-0.484 0.146)
Adjusted R 0.43 0.482 0.3
F statistic (df) 12.37 (29) 15.43 (29) 7.64 (29)
p-value < 0:.001 < 0:001 0.002
Pond signatures
Descriptive variable Heating effect (°C) Thermal effect (°C)
Veg [%] -0.003 0.002*
(-0.164 0.102)
fponctcatchment[%] 062 0211*** 0762 0305**
(0.296 0.102) (0.257 0.102)
Adjusted R 0.1 0.060
F statistic (df) 5.442 (87) 3.872 (87)
p-value 0.006 0.024
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For dam thermal signatures, only lag time is in uenced by the catchment slope, and for the
pond signature, the heating effect is reduced by vegetation. More important are dam charac-
teristics: the closer a station is to a dam (ldwsr), and the bigger the dam (high IRI), the
lower the TS and Rare. Lag time also increases at stations that are closer to a dam. The
in uence of dgamon TS is approximately 50% stronger than IRI, blgm in uence on R is
approximately 20% weaker than IRI (based on scaled regression coef cients, Table 3.3). For
lag time signature, the in uence ok m is 13% stronger than the catchment slope. For ponds,
ponded catchment aredisbngcatchmen) iS the most important predictor variable of both heat-
ing and thermal effects, but percentage vegetation cover (Meg%) appears to partially mitigate
heating effects (at approximately half the in uencefgfngcatchmenl-

Finally, the signi cant relationship between dam thermal signatures and dam descriptive
variables as well as the signi cant relationship between pond thermal signatures and pond de-
scriptive variables (see Table 3.3) demonstrate the derived clusters correspond to their con-
sidered label. Therefore, thermal signatures helped to distinguish between altered and natural
regimes and to identify the in uence of dams and ponds. Note that Tw stations and their corre-
sponding clusters are presented in Table B.1.

3.5 Characterizing identi ed thermal regimes

3.5.1 Variability of thermal metrics for altered and natural thermal regimes

At this point, the altered thermal regimes are sought to be placed in the context of widely
used ecological metrics. In fact, thermal metrics are the components of a thermal regime that
help describe it in terms of magnitude, amplitude, frequency, duration, and timing (Olden and
Naiman, 2010; Maheu et al., 2016a; Steel et al., 2017). There is a diversity of metrics, which
can be used depending on the user's purpose. In Figure 3.11, some examples of these metrics
are presented.

For instance, monthly mean Tw (in orange), mean of Tw over the hottest month (in red),
annual maximum or minimum Tw (in blue), and nally annual mean Tw (in black dashed line)
are describing the magnitude feature of a thermal regime. The time corresponding to the max-
imum or minimum Tw (in brown) can be considered as the metric that describes the timing
feature of a thermal regime. The solid horizontal lines (referred to as high and low thresholds)
in Figure 3.11 correspond to lethal temperatures of aguatic communities, and the frequency and
duration of days below or above these thresholds can be applied as the descriptors of a thermal
regime (Olden and Naiman, 2010).

In the current study, a group of metrics is gathered from biodiversity and stream ecology
(Verneaux et al., 1977; Buisson et al., 2008; Steel et al., 2017) to quantitatively evaluate the
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Figure 3.11: Examples of thermal metrics that can describe a thermal regime in terms of magnitude, amplitude,
frequency, duration, and timing. The original gure can be found in Olden and Naiman (2010).

anthropogenic effects in altered regimes compared to natural ones. The means of these thermal
metrics are compared from the altered regimes to those from natural regimes using ANOVA and
the post-hoc Tukey's Honestly Signi cant Difference t-test with Bonferroni adjustment (natural
regimes are used as the reference group). False-positives (e.g., stations that are identi ed in the
dam-like cluster, but do not have a dam) are excluded from this analysis to avoid misinterpreta-
tion of true anthropogenic effects.

Figure 3.12 shows that altered thermal regimes (i.e., dam- and pond-like) clearly separate
from natural regimes along ecological metrifﬁ'summer(p< 0.001), max{ymonthiy (p<0.001),
Nrw >20 (p<0.001), Dty > 15 (p<0.001), andmax DTw) (p<0.001). Magnitude and fre-
quency fw,summe,andNTW> 20) thermal metrics are lower for dam-like stations than for natural-
like stations (by 2 °C, p=0.02; and 4 days, p=0.001), but frequency, duration and rate of change
thresholds are equivocal.

Furthermore, altered thermal regimes from ponds also differ from natural regimes along
every thermal metric considered here, with:

» a2.3°Cincrease in averaiﬁsummer(p< 0.001),
+ a2.5°Cincrease in maK(monthly (p<0.001),
» a 15-day increase iNTy > 20 (p< 0.001),

+ a 39-day increase Dty > 15 (p<0.001), and
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Table 3.4: Selected ecologically-relevant thermal metrics for comparison between altered regimes and natural ones.
The biological importance (last column) is adopted from Steel et al. (2017).

Regime feature Metric Description Biological importance
Magnitude 'Fw,summer Mean Tw in summer Differences in mean temperature
(June—August) across river systems contribute

to determining which species are
present and which are absent

Magnitude maxX{wmonthy ~ Maximum of the 30- Used in the biotypology accord-
day moving average daily ing to the formula proposed by
mean Tw Verneaux et al. (1977)

Frequency Nrw > 20 Number of days that daily Species-speci ¢ differences in re-
mean Tw> 20°C sponse to high temperatures pro-

vide preferential advantages to par-
ticular species

Duration Drw> 15 Duration of consecu- Accumulated stress may trigger mi-
tive days with mean gration and other major life-history
Tw> 15°C transitions

Rate of change  DTw Difference between mean The competitive advantage of one
Tw in August and Febru- species over another may be deter-
ary mined by conditions in both sum-

mer and winter

* a2.6°Cincrease iDTw(p<0.001).

3.5.2 Annual thermal regime at altered and natural stations

Finally, the thermal regimes of the derived clusters are characterized by comparing their aggre-
gate stream and air temporal behaviors and comparing the natural regime with altered regimes
together. The goal is to create a portrait of how the respective cumulative effects of dams and
ponds modulate stream temperature relative to air temperature and relative to so-called “natu-
ral” regimes. In this step, as it is expected that large dams to be responsible for altered regimes
partitioned in the dam-like cluster, we consider stations (N=15) with an upstream dam for the
dam-like cluster. Similarly, we consider stations with upstream ponds (N=90) for the pond-like
cluster.

The annual regimes from the three clusters depicted in Figure 3.13 support the current un-
derstanding of how anthropogenic structures in uence stream and river thermal regimes. Com-
pared to natural regimes, temperatures of dam-like stations exhibits a downshifted regime (by
2°C) and a lag in summer thermal peaks (by 23 days), with less clear differences in winter
(Figure 3.1, left panel). In contrast, the stream temperature of pond-like stations remains above
air temperature over the whole year and is nearly synchronous with air temperature, mimicking
the regime of large rivers (Figure 3.1, right panel). Indeed, the annual stream temperature am-
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Figure 3.12: Statistical distribution of ecologically-relevant thermal metrics in each cluster: 1) dam-like with 15
stations that have a large upstream dam, 2) pond-like with 90 stations, and 3) natural-like with 213 stations. The
t-test is conducted with the reference group of the natural-like cluster. *** ** and * indicate that the metric for
the group of altered regimes is signi cantly different from natural regimes at the 1, 5, and 10% con dence levels,
respectively. The “ns” shows that the metric for the group of the altered regime is non-signi cantly different from
natural regimes.

plitude of pond-like stations is 14 °C, 2.5 °C less than that of large rivers (16.5°C), but 2-4 °C
greater than that of dam-like or natural stations. Natural-like stations stand out in that their
summer peaks are cooler than pond-like stations, but are warmer and more synchronous with
air temperature than dam-like stations.

3.6 Discussion

The above results demonstrate that ve simple signatures derived from stream-air temperature
time series are capable of identifying the extent and characteristics of both altered and natural
thermal regimes. Using these signatures, it is possible to accurately parse the divergent thermal
regimes.
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Figure 3.13: The annual air and water temperature regimes of altered (by dams and ponds) and natural streams.
Shaded areas represent the 10th-90th percentile band over all stations in each cluster, and solid lines represent the
median value: 1.dam-like with 15 stations that have a large upstream dam; 2.pond-like with 90 stations that have
upstream ponds; 3.natural-like with 213 stations.

3.6.1 Large dam thermal signatures

Spatial clustering of dam thermal signatures in the upstream part of the Loire River basin aligns
with the known distribution of dams there (Figure 2.1 (right panel), p. 44). This thermal sig-
nature approach may therefore be useful in identifying areas with the strong thermal alteration
from dam proliferation, like in the Amazon headwaters (Anderson et al., 2018).

The mode of operation of dams affects its degree of effect in the downstream thermal regime
(Olden and Naiman, 2010; Maheu et al., 2016c¢) and should be re ected in its emergent thermal
signatures. Observed dam thermal signatures are based on hypothesized cooling effects from
hypolimnetic release, and although most stations downstream of large dams exhibit this signa-
ture, many do not. This suggests alternative modes of operation. Hence, in future works, using
alternative thermal signatures to capture other modes of operation may be explored. Even dams
with similar purposes could have different modes of operation (Maheu et al., 2016c).

The interannual variability driven by climate adds an additional layer of complexity that
may be dif cult to assess with this method. To see the in uence of interannual variability, in
the present study, the 10th percentile of (Tw-Ta) is taken as a measure of dam regulation. This
measure is much more variable from one year to another in dam-like stations (median=1.95°C)
than in the other stations due to the interannual variability of dam operations (median of 0.74°C
and 0.97°C for pond-like and natural-like clusters, respectively) (see Figure 3.14). Therefore,
even the relatively simple approach adopted here is largely successful in identifying altered

72



CHAPTER 3. THERMAL SIGNATURES IDENTIFY THE INFLUENCE OF DAMS AND
PONDS ON STREAM TEMPERATURE 3

thermal regimes. For instance, along with other studies, it is observed that dams that release
hypolimnetic water disrupt the stream-air temperature relationsHip(Biendia et al., 2015),
and delay the annual stream temperature peak (Olden and Naiman, 2010) (Figures 3.8 and 3.13).

Figure 3.14: Interannual variability of the 10th percentile of (Tw-Ta) in each cluster. Only 130 stations with more
than 6 years of available data are considered here to insure a robust estimation of the interannual variability.

The extent of a dam thermal alteration depends on the reservoir volume, the stream order,
and the distance from the dam (Webb et al., 2008; Batalla et al., 2004). Here, the channel slope
is an important confounding factor on dam in uence, which appears to amplify lag time effects
(Table 3.3): the steeper the channel, the smaller water exposure time to air, and the greater the
lag time between the stream and air temperature. Cross-validation results also highlight the
critical effect of dam volume on thermal regimes, underscoring previous works that identi ed
a critical impoundment threshold of 5-20% of the mean annual runoff (Buendia et al., 2015;
Maheu et al., 2016c). Importantly, It is found that (RR0% (see Figure 3.15, left panel)
completely erase stream-air temperature correlation (cf. Buendia et al., 2015; Maheu et al.,
2016¢). Stations with the weakest dam signatures are far from large dams, supporting the
known reduction of dams in uence on thermal regimes (an increase of TS) with distance (see
Figure 3.15, right panel) due to the heat exchange with ambient conditions (cf. Preece and
Jones, 2002; Buendia et al., 2015). The coupling of greater distance from dam and lower IRI
of upstream dam lead to weaker downstream alteration induced by an upstream dam. This may
provide additional explanation as to why 17 stations with known dams do not cluster into our
dam-like thermal signature. Indeed, the smaller ratioRIEDqy4, (Figure 3.9, right panel)
of stations with an upstream large dam in the other clusters also con rms not only that these
stations are located further from the upstream dam, but also that the volume of the dam is not
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large enough relative to the stream annual runoff to cause the downstream alteration.

Figure 3.15: Examples of the in uence of dams on thermal signatures based on dam descriptive variables. (left)
R? with respect to Impounded Runoff Index (see Table 3.2), and (right) TS (thermal sensitivity) with respect
to the distance from the dam. The three colors correspond to the stations in each cluster. Solid lines represent
logarithmiclinear regressions with a 95 % con dence interval. Please note that the information about the volume
of six of these stations is missing, limiting us to calculate IRI.

Changes induced by dams in ecologically-relevant thermal metrics on downstream temper-
ature are moderate. We observe the effects of a decreased summer stream temperature and
a decrease in the frequency of high temperature, in accordance with previous works (Olden
and Naiman, 2010; Maheu et al., 2016c). Nevertheless, little evidence for the effects of other
ecologically-relevant thermal metrics is found compared to natural systems. However, the focus
of selected ecologically-relevant thermal metrics in the current study is biased towards increased
thermal alterations, and further metrics and analyses would bene t future inference.

3.6.2 Pond thermal signatures

Ponds and shallow reservoirs impound water for different purposes that depend on location
and local needs. Ponds are evenly distributed throughout the Loire River basin, with no clear
clustering of sizes (Figure 2.1 (right panel), p. 44). In support of this observation, pond-like
thermal signatures are evident throughout the basin (Figure 3.6), located mostly on medium-
size streams (median of distance from source =40 km).

Ponds typically release warm water from over ow, increasing downstream temperature syn-
chronically with air temperature (Dripps and Granger, 2013; Maheu et al., 2016b). The pond
thermal signatures identi ed here align with other empirical results (Chandesris et al., 2019;
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Zaidel et al., 2020) and the general conceptual model (Figures 3.5 and 3.13).

Stations in uenced by small dams experience a small reductiorf ioofpared to natural
stations (cf. Bae et al., 2016, and see Figure 3.8). The extent of the change induced by ponds
depends mostly on the surface area and residence time (Maxted et al., 2005; Chandesris et al.,
2019). The lack of data on the depth of the pond/shallow reservoirs at this scale prevented
us from using residence time. A larger surface area, or a larger residence time increases the
time of exposure to air temperature and incoming solar radiation, leading to a greater sensitivity
of stream temperature to air temperature (increased TS) (Maheu et al., 2016b; Michel et al.,
2020). Here, a greater TS (thermal sensitivity) for pond-like stations is also detected (see Fig-
ure 3.8). Moreover, Figure 3.16 shows that the heating effect of more than 1 °C and positive
thermal effect can clearly partition pond-like stations from natural-like ones. The single best

Figure 3.16: Heating effect and thermal effect at the whole natural-like and pond-like stations over the Loire River
basin (see Figure 3.8).

signature of the pond thermal alteration is the proportion of a station's catchment that is ponded
(fpondcatchmend, Strongly implying that ponds have an emergent, cumulative effects on stream
temperature regimes. Indeed, two other descriptors based on reach-scale characteristic (at the
station and averaged over upstream), could not differentiate the thermal signatures (see Table
3.3 and Figure 3.10). However, reach scale metrics are de ned based on recorded surface waters
in 2011 and are perhaps not temporally aligned with stream and air temperature measurements
used here. Importantly, the cross-validation (see Table 3.3) suggests that the thermal in uence
of ponds may be mitigated by vegetation cover (Maxted et al., 2005), suggesting the strategic
planting of canopy cover species in thermal restoration efforts.

Finally, ponds can have substantial effects on ecologically-relevant thermal metrics. They

75



3.6. DISCUSSION 3

increase the summer temperature and the frequency and duration of high temperature values (cf.
Lessard and Hayes, 2003; Maheu et al., 2016c,b; Chandesris et al., 2019, and see Figure 3.12).

3.6.3 Natural regimes

The thermal regimes of natural-like stations are those that are most strongly driven by natural
factors like climate, topography, vegetative shading, and stream discharge (Poole and Berman,
2001; Kelleher et al., 2012; Hannah and Garner, 2015). These natural regimes should therefore
arise in regions with minimal anthropogenic in uence, which is observed in their spatial dis-
tribution. They are predominately located in the upstream part of the Loire River basin, HER
A, where there is the largest proportion of vegetation cover (cf. Beaufort et al., 2020a, and see
Figure 2.1 (middle panel), p. 44). These natural-like stations are located on small streams (me-
dian of distance from source =24 km) and have typically a larger proportion of vegetation cover
(median of vegetation cover within a 10-meter buffer = 100%).

Natural-like regimes, unlike altered ones, have a strong correlation with air temperature (cf.
Webb et al., 2008) and exhibit minimal lag time, heating, or thermal effects (see Figure 3.8).
In accordance with Beaufort et al. (2020a) those who studied the natural controlling factors of
natural regimes of the Loire River basin, TS at stations located on large rivers (median=0.43)
(where the climate is the key driver of stream temperature) is greater than TS in natural-like sta-
tions (median=0.34). However, TS in the current study is smaller than the TS values reported
by Beaufort et al. (2020a), since the present study focused on summer TS values. A similar
result (median of TS=0.45) was obtained in an analysis focused on August stream temperature
by Mayer (2012). In the current study, TS of the stations located in HER B — which has the
greatest potential for groundwater input — is lower than TS in stations located in HER A and C
(median TS=0.29 versus 0.35). Mayer (2012) also attributed a lower summer TS to groundwater
input (Mayer, 2012). Supporting the thermal signature approach, the annual amplitude for sta-
tions with natural thermal regimes (median=11°C) was in direct accordance with observations
in Beaufort et al. (2020a) for natural Tw stations (9—-14°C; and see Figure 1.2, p. 29).

3.6.4 Limitations of the study

The obtained results show that stations can be clearly partitioned into three clusters without
information on the upstream catchment characteristics and water temperature, and by only using
thermal signatures that compare stream and air temperature time series. The lack of long-term
continuous data forces us to use all existing observed stream temperature stations, despite the
heterogeneity of data availability between years during the 2008-2018 period (see Figure 2.5,
p. 47). However, there is a concern about the sensitivity of thermal signatures to interannual
data heterogeneity (i.e., years with gaps over the study period) since the ve thermal signatures
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are based on interannual means.

Figure 3.17 shows that the mean values of all thermal signatures are however reasonably
constant with respect to the number of years used for their computation. The only exception is
lag time signature, which can be heavily in uenced by year-to-year variations in both climate
and upstream reservoir management. Here, stations with complete annual data are used, but,
the other concern may be within-year data availability. Less complete databases may be less
adequate for the outlined approach, which should be assessed further.

Figure 3.17: Maximum of the normalized yearly absolute deviation of thermal signatures from the interannual
mean for all stations, with respect to the number of years with available data. For calculating the maximum
deviation (y-axis), the deviation of desired signatures is calculated from the interannual mean (considered in the
calculations) at each station for each year (if the data is available). Then, the maximum observed deviation for
each station is considered. Then, it is divided by the interannual mean (considered in the calculations) to get a
normalized value which let compare the different stations. The x-axis shows the number of years with available
data for each station from 2008 to 2018.

The large sample size used in the present study, the presence of different types of reservoirs
over the study area, and the blind-eye toward dam operations may have some implications for
generalizing our ndings. For example, in regions with more variable dam operations, different
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clusters may arise, or it may be dif cult to perform a cluster analysis without additional thermal
signatures.

In this study, there is a low possibility of station pseudo-replication due to the high reso-
lution of SAFRAN data (8 km): only 20% of the SAFRAN grid cells include more than one
station, and only 12% of the grid cells include the stations from the same cluster. However, it is
imperative to verify and cross-validate this approach when applied to new datasets.

3.6.5 Implications and perspectives

The proposed thermal signature approach allows a simple, rapid, and accurate work ow to iden-
tify river reaches that are highly in uenced by dams and ponds. The methodology is inherently
regional, aligning in scale with the jurisdictions of most environmental agencies and work-
ing groups. The thermal signature results can be used to identify hotspots and target speci c
reaches for restoration and further investigation and to more broadly design strategic measure-
ment networks (Jackson et al., 2016). Thermal signatures can also identify natural reaches as
benchmarks for restoration or aquatic species habitat protection. Indeed, there is much interest
in predicting the phenological and spatial diversity for species of interest or their prey (Steel
et al., 2017). Moreover, because climate change will likely exacerbate the degree of thermal
alterations (Michel et al., 2020) through increasing air temperature, decreasing stream ow, and
increasing demand for ponds and dams (Webb and Walling, 1996; Moatar and Gailhard, 2006),
the thermal signature framework could be used to plan pond and dam placement to minimize
cumulative downstream effects.

The proposed thermal signatures may also be used by modelers to develop a reference-
condition model by using natural regimes (Hill et al., 2013), or to assess the performance of
distributed water temperature models that do not take into account anthropogenic activities.
The difference between simulated and observed thermal signatures at altered stations can serve
to correct biases found in simulations by using a known dam or pond descriptive variables.
Such implications will be explored in the next chapter to assess the performance of the T-NET
thermal model at natural stations identi ed in this chapter. The T-NET thermal model bias (i.e.,
the difference between simulated and observed Tw) at altered regimes identi ed in this chapter,
will also be used to infer and quantify the in uence of dams and ponds.

The thermal signature approach is exible and can easily be reimagined for purposes other
than detection and characterization of altered regimes from anthropogenic impoundments. For
example, the stream-air temperature linear regression calculated on annual data could identify
varied thermal regimes of natural streams (with a focus on TS and the intercept) like Kelleher
et al. (2012); Maheu et al. (2016a); Beaufort et al. (2020a) (see also Figure 1.2, p. 29). In ad-
dition to parsing the natural drivers of thermal regimes, spots with the potential of inputs from
shallow groundwater may be traced by using the lag time signature (Briggs et al., 2018). Iden-
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tifying such streams is important since shallow groundwater will warm in response to climate

change (Kurylyk et al., 2015) and increase Tw. Moreover, the synthesis of thermal signatures
and hydrological signatures could be applicable to analyzing sh and macroinvertebrate com-
munities.
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3.7 Conclusion on the impacts of dams and ponds on stream
temperature

The cumulative effects of anthropogenic impoundments on stream temperature at a large scale
are barely known. To address this issue, ve thermal signatures based on the stream-air temper-
ature relationship are de ned in this chapter. These signatures enable a rapid way to distinguish
between altered and natural regimes and to identify the in uence of dams and ponds without
prior information about the source of the modi cation and upstream Tw condition through a
clustering approach. The derived thermal regimes or clusters are then cross-validated with sev-
eral known catchment characteristics. The results demonstrate that ve simple signatures are
capable of identifying the extent and characteristics of both altered and natural thermal regimes.
The results further reveal that the thermal regimes altered by dams arise in the upstream part
of the basin where there are mostly large dams, and the degree of induced alteration depends
on the dam's IRI (Impounded Runoff Index) and distance from the upstream dam. Along with
the other studies, dams with IRR0% completely erase stream-air temperature correlation.
Nevertheless, alterations induced by dams disappear when moving further downstream from the
dam. On the other hand, the degree of alteration induced by ponds depends on the proportion
of a station's catchment that is ponded, strongly implying that ponds have cumulative effects on
stream temperature regimes. Nevertheless, such effects of ponds can be mitigated by vegetation
cover, suggesting the strategic planting of canopy cover species in thermal restoration efforts.

Figure 3.18: Altered regimes vs natural regimes.

Moreover, comparing Tw regime of altered stations with those of natural ones exhibits that
large dams decrease summer temperature by 2 °C, and delay the annual stream temperature
peak by 23 days at local scales (Figure 3.18, right panel). In contrast, the cumulative effects of
upstream ponds increase summer stream temperature by 2.3 °C, and increase the synchronicity

80



CHAPTER 3. THERMAL SIGNATURES IDENTIFY THE INFLUENCE OF DAMS AND
PONDS ON STREAM TEMPERATURE 3

with air temperature regimes (Figure 3.18, left panel).

Therefore, due to the wide availability of air temperature data and the rapid growth of wa-
ter temperature datasets, thermal signatures can be applied at large scales, facilitating regional
assessments of stream temperature variability. Thermal signatures further allow tracing of sys-
tematic changes introduced by anthropogenic structures like dams or ponds, and identi cation
of highly in uenced reaches at a large scale.

In the next chapter, the implications of the parsed thermal regimes will be explored. Tw
at the identi ed natural stations will be used to assess the performance of the T-NET thermal
model. Furthermore, the T-NET thermal model bias (i.e., the difference between simulated
(natural) and observed (in uenced) Tw) at the identi ed altered stations will be used to infer
and quantify the in uence of dams and ponds.
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CHAPTER I l

The hydrological and thermal models

To overcome the lack of Tw data, large scale studies commonly use Ta as a proxy of Tw (e.g.,
Buisson et al., 2008; Tisseuil et al., 2012; Domisch et al., 2013). However, Ta is a not a good
surrogate for Tw (Caissie, 2006), and other drivers (e.g., stream discharge (Q), streambed, mor-
phology, topography, and vegetation cover) contribute to the spatio-temporal variability of Tw
(Hannah and Garner, 2015). Moreover, recently, Kirk and Rahel (2021) showed that using Ta
instead of Tw led to over-predicting changes to stream sh assemblages with climate warm-
ing. Thus, modeling Tw with considering not only Ta but also other drivers is needed to have
long-term and detailed Tw data at a large scale.

Here, the T-NET physical process-based thermal model coupled with the EROS semi-
distributed hydrological model is used over the Loire River basin (Beaufort et al., 2016b; Loicq
et al., 2018) to produce Q and Tw data at a large scale and a high spatial resolution. The inputs
of these models are provided by the SAFRAN reanalysis data (section 2.3.1, p. 46). In this
chapter, the principles and input data of both the EROS and T-NET models are rst presented.
Then, some improvements are made to the T-NET thermal model. The rst improvement is
related to hydraulic geometry (river width and depth) for which a recently developed model is
considered. This new hydraulic geometry model is based on catchment physical characteris-
tics, and uses a Random Forest approach (Morel et al., 2020). The next improvement is the
implementation of dynamic riparian shading as a function of tree height, river width, solar ele-
vation angle, vegetation density (using the approach proposed by Li et al., 2012), and phenology
instead of considering a constant riparian shading.

Afterwards, the performance of both the EROS and the T-NET models is assessed at weakly
in uenced stations since both models produce natural outputs. For the EROS model, two types
of stations are considered: calibration stations with data between 1971 and 2018 (N=352), and
stations from the Reference Hydrometric Network (RHN) with long-term continuous daily data
(N=44) (see section 2.3.3, p. 48). The performance of the T-NET model with new features
in simulating daily Tw is assessed at stations with a natural thermal regime identi ed in the
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previous chapter (see Figure 3.8, p. 62) with missing years over the 2008—2018 period (N=275).
The performance of the T-NET thermal model in simulating seasonal Tw is also assessed at
stations with continuous daily data over the 2010-2014 period (N=67). Note that, these 67
Tw stations are derived from the Tw stations with missing years over the 2008-2018 period.
Then, the ability of the T-NET model to derive longitudinal pro le of stream temperature, and
to capture alterations resulting from groundwater inputs is also investigated at the Loire River.
Finally, the bias of the T-NET thermal model i.e. the difference between simulated Tw (provided
by the T-NET model) and observed Tw at altered stations identi ed in the previous chapter (see
Figure 3.8, p. 62), is used to infer and quantify the in uence of dams and ponds.

4.1 The EROS hydrological model

The EROS semi-distributed hydrological model simulates daily discharge (Thiéry, 1988; Thiéry
and Moutzopoulos, 1995; Thiéry, 2018). This model is made up of a network of sub-basins in
which each sub-basin is subjected to rainfall, snowfall and potential evapotranspiration. The
water balance in the sub-basin is modeled by a lumped model using three reservoirs (Figure 4.1)
as follows:

1. the rstreservoir represents the soil that is subjected to evapotranspiration and precipita-
tion;

2. the second non-linear reservoir represents the vadose zone, models the percolation time,
and determines the partition between runoff and in Itration;

3. the third reservoir represents the underlying aquifer characterized by a recession time,
and characterizes the groundwater ow.

The contribution ow of each sub-basin is the sum of the runoff and the groundwater ow.
The total ow at the outlet of each sub-basin is the sum of its contribution and the total ow of
the upstream sub-basins (delayed by a transfer function representing their propagation time).

Water abstractions, dams and ponds are not considered in the EROS model, and the hydro-
meteorological balance in each sub-basin is carried out at a daily time step. This hydrological
model was already used in several studies on the impacts of climate change (Ducharne et al.,
2011; Moatar et al., 2013; Habets et al., 2013; Bustillo et al., 2014).

The EROS hydrological model uses Ta (°C), solid and liquid precipitation (mm), and ref-
erence evapotranspiratiof Jp, mm) to produce daily Q and groundwater ows over the Loire
River basin (Thiéry, 1988; Thiéry and Moutzopoulos, 1995). Meteorological inputs are pro-
vided by the SAFRAN atmospheric reanalysis data (Vidal et al., 2010, see section 2.3.1, p. 46).
ETo is computed from the SAFRAN variables with the Penman-Monteith equation (Allen et al.,
1998).
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Figure 4.1: Schematic gure of the EROS model operation for each sub-basin.

In the Loire River basin, there are 368 sub-basins within which the climate, land use and ge-
ology are quite homogeneous (Figure 4.2). The EROS model is calibrated at 352 out of the 368
sub-basins over the 1971-2018 period where observed Q is available (see section 2.3.3, p. 48).
Time series at these calibration stations have been naturalized by EDF (electricity producer) by
taking into account dam storages and releases (see section 2.3.3, p. 48).

A 3-year warm-up period (1971-1974) is discarded from the calibration period. The calibra-
tion aims at adjusting all unknown parameters (soil capacity, recession times and propagation
times) in each sub-basin by maximizing the Nash-Sutcliffe ef ciency (NSE) criterion (Nash
and Sutcliffe, 1970) on the square root of sub-basin stream ow, and minimizing the sub-basin
absolute value of the relative bias. The relative bias is the average stream ow bias divided
by the mean stream ow. The square root of the stream ow is a classic transformation (Oudin
et al., 2006; Garcia et al., 2017) that helps reducing the heteroscedasticity of model residuals.
Maximizing the NSE criteria on the untransformed stream ow favors the goodness of t of the
hydrograph for high ows. Using the NSE criterion on the square roots of the ows provides
an estimate of model performance without favoring either high or low ows.

The simulation is then carried out for all 368 sub-basins. Although meteorological variables
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are available over the 1958-2019 period (see section 2.3.1, p. 46), the rst years are discarded
from the outputs of simulation for the sake of the EROS model's convergence, and thus daily
simulations at the outlet of 368 sub-basins is considered over the 1963-2019 period. Figure 4.3
presents in summary different periods considered for the EROS model in different steps.

Note that the EROS model is calibrated and executed by Dominique Thiéry from BRGM
(French Geological Survey). We only provide him with meteorological input data for each
sub-watershed.

Figure 4.2: The 368 sub-basins over the Loire River basin. The climate, land use and geology are quite homoge-
neous within each sub-basin.
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Figure 4.3: Summary of considered period in each step for the EROS model.

The majority of 44 RHN stations (see section 2.3.3, p. 48) do not have detailed data before
1968 (see Figure 4.4). They mostly have long-term continuous high-quality data over the 1968—
2019 period. Indeed, they have data for more than 90% of days in each year, and more than 84%
of years over the 1968-2019 period (see Figure 4.4). Thus, the 1963-1967 period is discarded
from the study period of 44 RHN stations. The performance of the EROS hydrological model
is assessed at both 352 calibration stations (between 1971 and 2018) and 44 RHN stations (over

the 1968-2019 period).

Figure 4.4: The data availability of RHN stations over the 1963—-2019 period. Colored years have®d%iaf
days.
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4.2 The T-NET thermal model

4.2.1 Principles of the T-NET model

The T-NET (Temperature-NETwork) thermal model is a physical process-based model devel-
oped by Beaufort et al. (2016b) and Loicq et al. (2018) over the Loire River basin. This model
computes Tw along the longitudinal dimension of the hydrographic network (a GIS polyline)
of the Loire River basin based on two main steps: 1) computation of equilibrium temperature
(Te), and 2) upstream-downstream propagation of the thermal signal. The combination of these
two steps makes it possible to take into account the thermal propagation and spatio-temporal
variations of the heat energy balance as well as hydraulic conditions.

The thermal propagation approach is based on a hydrographic network of the Loire River
basin adopted from the BD CARTHAGE® (IGN, 2006). This network was modi ed by re-
moving all unconnected watercourses as well as all braided channels. The nal hydrographic
network of the model (see Figure 4.5) consists of 52 278 reaches delimited either by con uences
of two streams or a headwater source (i.e., rst-order reaches). Therefore, each reach is priori-
tized according to Strahler's classi cation knowing that the Strahler order of a reach without a
tributary is 1, and that the Strahler order of the Loire at the outlet is 8. The median (resp. mean)
reach length in the model is 1.3 km (resp. 1.7 km), and 74% of the reaches have a Strahler order
lower than 3. In the following, the two main steps of the the T-NET model are explained.
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