https://doi.org/10.5194/egusphere-2023-1744
Preprint. Discussion started: 9 August 2023 EG U
sphere

(© Author(s) 2023. CC BY 4.0 License.

1 On the need for physical constraints in deep learning rainfall-runoff
2 projections under climate change

3

4 Sungwook Wit, Scott Steinschneider!

5  !Department of Biological and Environmental Engineering, Cornell University, Ithaca, NY, USA

6  Correspondence to: Sungwook Wi (sw2275@cornell.edu)

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24

25



https://doi.org/10.5194/egusphere-2023-1744
Preprint. Discussion started: 9 August 2023 EG U
sphere

(© Author(s) 2023. CC BY 4.0 License.

26 Abstract

27  Deep learning rainfall-runoff models have recently emerged as state-of-the-science tools for hydrologic
28  prediction that outperform conventional, process-based models in a range of applications. However, it
29  remains unclear whether deep learning models can produce physically plausible projections of streamflow
30 under significant amounts of climate change. We investigate this question here, focusing specifically on
31  modeled responses to increases in temperature and potential evapotranspiration (PET). Previous research
32 has shown that temperature-based methods to estimate PET lead to overestimates of water loss in rainfall-
33 runoff models under warming, as compared to energy budget-based PET methods. Consequently, we assess
34 the reliability of streamflow projections under warming by comparing projections with both temperature-
35  based and energy budget-based PET estimates, assuming that reliable streamflow projections should exhibit
36 less water loss when forced with smaller (energy budget-based) projections of future PET. We conduct this
37  assessment using three process-based rainfall-runoff models and three deep learning models, trained and
38  tested across 212 watersheds in the Great Lakes basin. The deep learning models include a regional Long
39  Short-Term Memory network (LSTM), a mass-conserving LSTM (MC-LSTM) that preserves the water
40  balance, and a novel variant of the MC-LSTM that also respects the relationship between PET and water
41 loss (MC-LSTM-PET). We first compare historical streamflow predictions from all models under spatial
42  and temporal validation, and also assess model skill in estimating watershed-scale evapotranspiration. We
43 then force all models with scenarios of warming, historical precipitation, and both temperature-based
44 (Hamon) and energy budget-based (Priestley-Taylor) PET, and compare their projections for changes in
45 average flow, as well as low flows, high flows, and streamflow timing. Finally, we also explore similar
46  projections using a National LSTM fit to a broader set of 531 watersheds across the contiguous United

47  States. The main results of this study are as follows:

48 1. The three Great Lakes deep learning models significantly outperform all process models in

49 streamflow estimation under spatiotemporal validation, with only small differences between the
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DL models. The MC-LSTM-PET also matches the best process models and outperforms the MC-
LSTM in estimating evapotranspiration under spatiotemporal validation.

2. All process models show a downward shift in average flows under warming, but this shift is
significantly larger under temperature-based PET estimates than energy budget-based PET. The
MC-LSTM-PET model exhibits similar differences in water loss across the different PET forcings,
consistent with the process models. However, the LSTM exhibits unrealistically large water losses
under warming as compared to the process models using Priestley-Taylor PET, while the MC-
LSTM is relatively insensitive to PET method.

3. All deep learning models exhibit smaller changes in high flows and streamflow timing as compared
to the process models, while deep learning projections of low flows are all very consistent and
within the range projected by process models.

4. Likethe Great Lakes LSTM, the National LSTM also shows unrealistically large water losses under
warming. However, when compared to the Great Lakes deep learning models, projections from the
National LSTM were more stable when many inputs were changed under warming and better
aligned with process model projections for streamflow timing. This suggests that the addition of
more, diverse watersheds in training does help improve climate change projections from deep
learning models, but this strategy alone may not guarantee reliable projections under unprecedented

climate change.

Ultimately, the results of this work suggest that physical considerations regarding model architecture and
input variables are necessary to promote the physical realism of deep learning-based hydrologic projections

under climate change.

Keywords
Deep learning, machine learning, Long Short-Term Memory network, LSTM, Great Lakes, climate

change, rainfall-runoff
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75 1. Introduction

76  Rainfall-runoff models are used throughout hydrology in a range of applications, including retrospective
77  streamflow estimation (Hansen et al. 2019), streamflow forecasting (Demargne et al., 2014), and prediction
78  in ungauged basins (Hrachowitz et al., 2013). Work over the last few years has demonstrated that deep
79  learning (DL) rainfall-runoff models (e.g., Long Short-Term Memory networks (LSTMSs); Hochreiter and
80  Schmidhuber, 1997) outperform conventional process-based models in each of these applications,
81  especially when those DL models are trained with large datasets collected across watersheds with diverse
82  climates and landscapes (Kratzert et al., 2019a,b; Feng et al., 2020; Ma et al., 2021; Gauch et al., 2021a,b;
83  Nearing et al., 2021). For example, in one extensive benchmarking study, Mai et al. (2022) found that a
84  regionally trained LSTM outperformed 12 other lumped and distributed process-based models of varying
85  complexity in rivers and streams throughout the Great Lakes basin. These and similar results have led many
86  to argue that DL models represent the state-of-the-science in rainfall-runoff modeling.

87

88  However, there remains one use case of rainfall-runoff models where the superiority of DL is unclear: long-
89  term projections of streamflow under climate change. Past studies using DL rainfall-runoff models for
90  hydrologic projections under climate change are rare (Lee et al., 2020; Li et al., 2022), and few have
91  evaluated their physical plausibility (Razavi, 2021; Zhong et al., 2023). A reasonable concern is whether
92 DL rainfall-runoff models can extrapolate hydrologic response under unprecedented climate conditions,
93  given that they are entirely data driven and do not explicitly represent the physics of the system. It is not
94 clear a priori whether this concern has merit, because DL models fit to a large and diverse set of basins
95  have the benefit of learning hydrologic response across climate and landscape gradients. In so doing, the
96  model can, for example, learn hydrologic responses to climate in warmer regions and then transfer this
97  knowledge to projections of streamflow in cooler regions subject to climate change induced warming. In
98  addition, past work has shown that LSTMs trained only to predict streamflow have memory cells that

99  strongly correlate with independent measures of soil moisture and snowpack (Lees et al. 2021), suggesting
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100  that DL hydrologic models can learn fundamental hydrologic processes. A corollary to this finding is that
101  these models may produce physically plausible streamflow predictions under new climate conditions.

102

103  Itis challenging to assess the physical plausibility of DL-based hydrologic projections under significantly
104  different climate conditions, because there are no future observations against which to compare. Recently,
105 Wi and Steinschneider (2022) (hereafter WS22) addressed this challenge directly, forwarding an
106  experimental design in which DL hydrologic models fit to 15 watersheds in California and 531 catchments
107  across the United States were forced with historical precipitation and temperature, but with temperatures
108  adjusted by up to 4°C. Based on past literature (Cayan et al., 2001; Stewart et al., 2005; Kapnick and Hall,
109  2010; Lehner et al., 2017; McCabe et al., 2017; Dierauer et al., 2018; Mote et al., 2018; Woodhouse &
110  Pederson, 2018; Martin et al., 2020; Milly & Dunne, 2020; Rungee et al., 2021; Gordon et al., 2022; Liu et
111 al.,, 2022), WS22 posited that physically plausible hydrologic projections should show a decline in total
112 annual average streamflow compared to a baseline historical simulation, due to increases in potential
113 evapotranspiration (PET) with warming (and no changes in precipitation). Results showed that the LSTM
114  trained to the 15 watersheds in California often led to misleading increases in annual runoff under
115  significant warming, while this phenomenon was less likely (though still present) in the model trained to
116 531 catchments.

117

118  WS22 also conducted their experiment with physics-informed machine learning (PIML) models, in which
119  data-driven techniques are imbued with process-knowledge constructs (Karpatne et al., 2017). WS22
120  focused on two PIML strategies for the smaller case study in California, using process model output (e.qg.,
121 soil moisture, evapotranspiration (ET)) directly as input to the LSTM (similar to Konapala et al., 2020; Lu
122 etal., 2021; Frame et al., 2021a), and also as additional target variables in a multi-output architecture. The
123  former approach had some success in removing instances of increasing runoff ratio with warming, but this
124 depended heavily on the accuracy of the process-model ET.

125
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126 Other PIML approaches that more directly adjust the architecture of DL rainfall-runoff models may be
127  better suited for improving long-term streamflow projections under climate change without requiring an
128  accurate process-based model. For instance, Hoedt et al. (2021) introduced a mass conserving LSTM (MC-
129  LSTM) that ensures cumulative streamflow predictions do not exceed precipitation inputs. This architecture
130  slightly underperformed a standard LSTM when predicting out-of-sample extreme events (Frame et al.,
131  2021b), and some have argued that these physical constraints may inhibit the ability of DL models to learn
132 biases in forcing data (Frame et al. 2022). Still, the benefits of this mass conserving architecture have not
133  been tested when employed under previously unobserved climate change.

134

135  Forall models considered in WS22, a major focus was evaluating the direction of annual total runoff change
136  in the presence of warming and no change in precipitation. However, that study did not consider the
137  magnitude of runoff change and how it relates to projected changes in PET. As we argue below, this
138  comparison provides a unique way to assess the physical plausibility of future hydrologic projections.
139  Several studies have investigated the effects of different PET estimation methods on the magnitude of PET
140  and runoff change in a warming climate (Lofgren et al., 2011; Shaw and Riha, 2011; Lofgren and Rouhana,
141 2016; Milly and Dunne, 2017; Lemaitre-Basset et al. 2022). Broadly, this work has shown that temperature-
142 based PET estimation methods (e.g., Hamon, Thornthwaite) significantly overestimate increases in PET
143 under warming as compared to energy budget-based PET estimation methods (e.g., Penman-Monteith,
144 Priestley-Taylor), and consequently lead to unrealistic declines in streamflow under climate change. This
145 s because the actual drying power of the atmosphere is driven by the availability of energy at the surface
146  from net radiation, the current moisture content of the air, temperature (and its effect on the water holding
147  capacity of the air and vapor pressure deficit), and wind speeds. Energy budget-based methods account for
148  some or all of these factors in ways that are generally consistent with their causal impact on PET, while
149  temperature-based methods estimate PET using empirical relationships based largely or entirely on
150  temperature. The latter approach works sufficiently well for rainfall-runoff modeling under historical
151  conditions because of the strong correlation between temperature, net radiation, and PET on seasonal

6
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152  timescales, even though this correlation weakens considerably at shorter timescales (Lofgren et al., 2011).
153  Under climate change, consistent and prominent increases are projected for temperature, but projected
154 changes are less prominent or more uncertain for other factors affecting PET (Lin et al., 2018; Pryor et al.,
155 2020, Liu et al. 2020). Consequently, temperature-based PET methods significantly overestimate future
156  projections of PET compared to energy budget-based methods.

157

158  As argued by Lofgren and Rouhana (2016), the bias in PET and runoff that results from different PET
159  estimation methods under warming provides a unique opportunity to assess the physical plausibility of
160  hydrologic projections under climate change. In this study, we adopt this strategy for DL rainfall-runoff
161  models and forward an experimental design in which both process-based and DL hydrologic models are
162  trained with either temperature-based or energy budget-based estimates of PET, along with other
163  meteorological data (precipitation, temperature). These models are then forced with the historical
164  precipitation and temperature series, but with the temperatures warmed by an additive factor and PET
165  calculated from the warmed temperatures using both PET estimation methods. We anticipate that the
166  process models 1) will exhibit similar performance in historical training and testing periods when using
167  either temperature-based or energy budget-based PET estimates; but 2) will exhibit significantly larger
168  streamflow declines under warming when using future PET estimated with a temperature-based method. If
169  the DL rainfall-runoff models follow the same pattern, this would suggest that these models are able to
170  learn the role of PET on evaporative water loss. However, if DL-based models estimate similar and large
171 streamflow declines regardless of the method used to estimate and project PET, this would suggest that the
172 DL models did not learn a mapping between PET and water loss. Rather, the DL models learned the
173 historical (but non-causal) correlation between temperature and evaporative water loss, and then incorrectly
174 extrapolated that effect into the future with warmer temperatures. Such an outcome would indicate that
175  some degree of PIML is necessary to guide a DL model towards physically plausible projections under
176  climate change, in contrast to previous arguments against the need for such physical constraints (Frame et

177 al. 2022).
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178

179  We conduct the experiment above in a case study on 212 watersheds across the Great Lakes basin, using
180  both standard and PIML-based LSTMs. We hypothesize that a standard LSTM will produce unrealistic
181  hydrologic projections because it relies on historical and geographically pervasive correlations between
182  temperature and PET to project streamflow losses under warming. We also hypothesize that PIML-based
183 DL models will be better able to relate future projections of temperature and PET to streamflow change,
184  especially those PIML approaches that directly map PET to evaporative water loss in their architecture.
185

186  The primary goal of this work is to forward an experimental design that can be used to evaluate the
187  suitability of DL rainfall-runoff models for hydrologic projections under climate change, in line with a
188  recent call to design benchmarking studies that assess whether models are fit for specific purposes (Beven,
189  2023). The Great Lakes provides an important case study for this work, given their importance to the culture,
190  ecosystems, and economy of North America (Campbell et al., 2015; Steinman et al., 2017). Projections of
191  future water supplies and water levels in the Great Lakes are highly uncertain (Gronewold and Rood, 2019),
192 in part because of uncertainty in future runoff draining into the lakes from a large contributing area
193  (Kayastha et al. 2022), much of which is ungauged (Fry et al., 2013). Improved rainfall-runoff models that
194  can regionalize across the entire Great Lakes basin are necessary to help address this challenge, and so an
195  auxiliary goal of this work is to contribute PIML rainfall-runoff models to the Great Lakes Runoff
196  Intercomparison Project Phase 4 (GRIP-GL) presented in Mai et al. (2022). This study currently provides
197  one of the most robust benchmarks comparing DL rainfall-runoff models to a range of process-based
198  models, and so we design our experiment to be consistent with the data and model development rules
199  outlined in the GRIP-GL.

200

201 2. Data

202  This study focuses on 212 watersheds draining into the Great Lakes and Ottawa River, which are all located
203  in the St. Lawrence River basin (Figure 1). We note that this region is of similar spatial scale to other

8
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204  benchmarking datasets for DL rainfall-runoff models (e.g., CAMELS-GB; Coxon et al., 2020). For direct
205  comparability to previous results from the GRIP-GL, all data for these watersheds are taken directly from
206  thework in Mai et al. (2022) and include daily streamflow time series, meteorological forcings, geophysical
207  attributes for each watershed, and auxiliary hydrologic fluxes. Daily streamflow were gathered from the
208  U.S. Geological Survey (USGS) and Water Survey Canada (WSC) between January 2001 and December
209  2017. All streamflow gauging stations have a drainage area greater than or equal to 200 km? and less than
210 5% missing data in the study period. The watersheds are evenly distributed across the five lake basins and
211  the Ottawa River basin, and they represent a range of land use/land cover types and degrees of hydrologic
212 alteration from human activity. In the experiments described further below, 141 of the watersheds are
213  designated as training sites, and the remaining 71 watersheds are used for testing (see Figure 1). In addition,
214 the period between January 2001 to December 2010 is reserved for model training (termed the training

215  period), and the period between January 2011 — December 2017 is used for model testing (termed the testing

216  period).
217
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219 Figure 1. Great Lakes domain, with training and testing streamflow gauges used throughout this study.
220



https://doi.org/10.5194/egusphere-2023-1744
Preprint. Discussion started: 9 August 2023 EG U
sphere

(© Author(s) 2023. CC BY 4.0 License.

221 Meteorological forcings are taken from the Regional Deterministic Reanalysis System v2 (RDRS-v2),
222 whichisan hourly, 10 km dataset available across North America (Gasset et al., 2021). Hourly precipitation,
223 net incoming shortwave radiation (Rs), specific humidity (SH), surface pressure (SP), wind speed, and
224 temperature are aggregated into a basin-wide daily precipitation average, daily Rs average, daily SH average,
225  daily SP average, daily wind speed average, and daily minimum and maximum temperature. We note that
226  the precipitation data from RDRS-v2 is produced from the Canadian Precipitation Analysis (CaPA), which
227  combines available surface observations of precipitation with a short-term reforecast provided by the 10
228  km Regional Deterministic Reforecast System. That is, the precipitation data is not model based, but rather
229  is based on gauged data and spatially interpolated using information from modeled output.

230

231 Geophysical attributes for each watershed were collected from a variety of sources. Basin-average statistics
232  of elevation and slope were derived from the HydroSHEDS dataset (Lehner et al., 2008), which provides a
233  digital elevation model (DEM) with 3 arcsec resolution. Soil properties (e.g., soil texture, classes) were
234 gathered from the Global Soil Dataset for Earth System Models (GSDE; Shangguan et al., 2014), which is
235  available at a 30 arcsec resolution. Land cover data at a 30 m resolution and based on Landsat imagery from
236  2010-2011 were derived from the North American Land Change Monitoring System (NALCMS, 2017).
237  These geophysical datasets were used to derive basin-averaged attributes for each watershed, listed in Table
238 1.

239

240  Table 1. Watershed attributes used in the deep learning models developed in this work (adapted from Mai
241 etal., 2022).

Attribute Description

p_mean Mean daily precipitation
pet_mean Mean daily potential evapotranspiration
aridity Ratio of mean PET to mean precipitation
Mean of daily maximum and daily minimum
t_mean temperature
Fraction of precipitation falling on days with
frac_snow mean daily temperatures below 0°C

10
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242

243

244

245

246

247

high_prec_freq

high_prec_dur

low_prec_freq

low_prec_dur
mean_elev
std_elev
mean_slope
std_slope
area_km2

Temperate-or-sub-polar-needleleaf-forest
Temperate-or-sub-polar-broadleaf-forest
Temperate-or-sub-polar-shrubland

Temperate-or-sub-polar-grassland
Mixed-Forest
Wetland

Cropland
Barren-Lands
Urban-and-Built-up
Water

BD

CLAY

GRAV

ocC

SAND

SILT

EGUsphere\

Fraction of high-precipitation days (= 5 times
mean daily precipitation)

Average duration of high-precipitation events
(number of consecutive days with =5 times mean
daily precipitation)

Fraction of dry days (< 1 mm d-1 daily
precipitation)

Average duration of dry periods (number of
consecutive days with daily precipitation <1 mm
d-1)

Catchment mean elevation

Standard deviation of catchment elevation
Catchment mean slope

Standard deviation of catchment slope
Catchment area

Fraction of land covered by “Temperate-or-sub-
polar-needleleaf-forest”

Fraction of land covered by “Temperate-or-sub-
polar-broadleaf-forest”

Fraction of land covered by “Temperate-or-sub-
polar-shrubland”

Fraction of land covered by “Temperate-or-sub-
polar-grassland”

Fraction of land covered by “Mixed-Forest”
Fraction of land covered by “Wetland”

Fraction of land covered by “Cropland”

Fraction of land covered by “Barren-Lands”
Fraction of land covered by “Urban-and-Built-up”
Fraction of land covered by “Water”

Soil bulk density (g cm-3)

Soil clay content (% of weight)

Soil gravel content (% of volume)

Soil organic carbon (% of weight)

Soil sand content (% of weight)

Soil silt content (% of weight)

Finally, we also collect daily actual evapotranspiration (AET) for each watershed in millimeters per day,
which was originally taken from the Global Land Evaporation Amsterdam Model (GLEAM) v3.5b dataset
(Martens et al., 2017). GLEAM couples remotely sensed observations of microwave Vegetation Optical
Depth, a multi-layer soil moisture model driven by observed precipitation and assimilating satellite surface

soil moisture observations, and Priestly-Taylor based estimates of PET to derive an estimate of AET for

11
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248  eachday. The daily data were originally available over the entire study domain at a 0.25° resolution between
249  2003-2017 and were aggregated to basin-wide totals for each watershed.

250

251 3. Methods

252  We design an experiment to test the two primary hypotheses of this study, namely that a standard LSTM
253 will overestimate hydrologic losses under warming because of an overreliance on historical correlations
254 between temperature and PET, while this effect will be lower in PIML-based rainfall-runoff models
255  designed to better account for water loss in the system. To conduct this experiment, we develop three
256  different DL rainfall-runoff models to predict daily streamflow across the Great Lakes region, as well as
257  three process-based models as benchmarks, each of which is trained twice with either an energy budget-
258  based or temperature-based estimate of PET. The DL models include a regional LSTM very similar to the
259  model in Mai et al., (2022), an MC-LSTM that conserves mass, and a new variant of the MC-LSTM that
260  also respects the relationship between PET and water loss (termed MC-LSTM-PET). After comparing
261  historical model performance, we force all models with climate change scenarios composed of historical
262  precipitation and historical but warmed temperatures, as well as PET based on those warmed temperatures.
263  This is a similar approach to that taken in SW22, but in contrast to that study this work 1) focuses on the
264  magnitude of streamflow response to warming under two different PET formulations; 2) considers a
265  different set of physics-informed DL models in which the architecture (rather than the inputs or targets) of
266  the model are changed to better preserve physical plausibility under unprecedented climate change; and 3)
267  evaluates an expanded set of hydrologic metrics to better understand both the plausibility and the variability
268  of climate change responses across the different models. Finally, in a subset of the analysis, we also utilize
269  a fourth DL model, the LSTM used in SW22 that was previously fit to 531 basins across the contiguous
270 United States (Kratzert et al. 2021), which uses daily precipitation, maximum and minimum temperature,
271  radiation, and vapor pressure as input but not PET. This model is used to evaluate whether a DL model fit

272  to many more watersheds that span a more diverse gradient of climate conditions behaves differently under

12
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273 warming than an LSTM fit only to locations in the Great Lakes basin. Figure 2 presents an overview of our
274 experimental design.
275
— Great Lakes Rainfall-Runoff Models - 212 basins —
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277 Figure 2. Overview of experiment design.
278
279  3.1. Models
280 3.1.1. Benchmark Conceptual Models
281  We develop three process-based hydrologic models as benchmarks, including the Hydrologiska Byrans
282  Vattenbalansavdelning (HBV) model (Bergstrém and Forsman, 1973), HYMOD (Boyle, 2001), and the
283  Sacramento Soil Moisture Accounting (SAC-SMA) model (Burnash, 1995) coupled with SNOW-17
284

13

(Anderson, 1976). These models are developed as lumped, conceptual models for each watershed. We
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285  calibrate the models with the genetic algorithm from Wang et al. (1991) to maximize the Kling-Gupta
286  Efficiency (KGE; Gupta et al. 2009), using a population size equal to 100 times the number of parameters,
287  evolved over 100 generations, and with a spin-up period of 1 year. Each benchmark model is calibrated
288  separately to each of the 141 training sites using the temporal train/test split described in Section 2.
289  Benchmark models are developed for the 71 testing sites in two ways: 1) separate models are trained for
290 the testing sites during the training period; and 2) each testing site is assigned a donor from among the 141
291  training sites, and the calibrated parameters from that donor site are transferred to the testing site. The first
292  of these approaches enables a comparison between DL models fit only to the training sites to benchmark
293  models developed for the testing sites, i.e., a spatial out-of-sample versus in-sample comparison. The
294  second of these approaches enables a more direct spatial out-of-sample comparison between DL and
295  benchmark models. We note that donor sites were used to assign model parameters to testing sites in the
296  benchmarking study of Mai et al. (2022), and to retain direct comparability to the results of that work we
297  use the same donor sites for each testing site. Donor sites were selected based on spatial proximity, while
298  also prioritizing donor sites that were nested within the watershed of the testing site.

299

300 3.1.2.LSTM

301  We develop a single, regional LSTM for predicting daily streamflow across the Great Lakes region. In the
302  LSTM, nodes within hidden layers feature gates and cell states that address the vanishing gradient problem
303  of classic recurrent neural networks and help capture long-term dependencies between input and output
304  time series. The model defines a D-dimensional vector of recurrent cell states c[t] that is updated over a
305  sequence of t=1,...,T time steps based on a sequence of inputs x = x[1], ..., x[T], where each input x[t] is
306 a K-dimensional vector of features. Information stored in the cell states is then used to update a D-
307  dimensional vector of hidden states h[t], which form the output of the hidden layer in the model. The
308  structure of the LSTM is given as follows:

309
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310 i[t] = o(Wx[t] + U;h[t — 1] + b)) (Eq. 1.1)
311 f[t] = o(Wex[t] + Ush[t — 1] + by) (Eq. 1.2)
312 g[t] = tanh(Wyx[t] + Uyh[t — 1] + b,) (Eq. 1.3)
313 o[t] = o(W,x[t] + U,h[t — 1] + b,) (Eq. 1.4)
314 clt] = flt] O clt — 1] +i[t] O g[t] (Eq. 1.5)
315  h[t] = o[t] © tanh(c[t]) (Eq. 1.6)
316  y[T] = ReLU(W,h[T] + b,) (Eq. 1.7)
317

318  Here, the input gate (i[t]) controls how candidate information (g[t]) from inputs and previous hidden states
319  flows to the current cell state (c[t]); the forget gate (f[t]) enables removal of information within the cell
320  state over time; and the output gate (o[t]) controls information flow from the current cell state to the hidden
321  layer output. All bolded terms are vectors, and © denotes element-wise multiplication. To produce
322  streamflow predictions, h[T] at the last time step in the sequence is passed through a fully connected layer
323  to a single-node output layer (i.e., a many-to-one formulation). We ensure nonnegative streamflow
324  predictions using the rectified linear unit (ReLU) activation function for the output neuron, expressed as
325 ReLU(x) = max(0,x). Importantly, there are no constraints requiring the mass of water entering as
326  precipitation to be conserved within this architecture.

327

328  The LSTM takes K=39 input features: 9 dynamic and 30 static. The dynamic input features are basin-
329  averaged climate, including daily precipitation, maximum temperature, minimum temperature, net
330 incoming shortwave radiation, specific humidity, surface air pressure, zonal and meridional components of
331  wind, and PET. The static features represent catchment attributes (see Table 1) and are repeated for all time
332 steps in the input sequences x. All input features are standardized before training (by subtracting the mean

333  anddividing by the standard deviation for data across all training sites in the training period). Note that we
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334  do not standardize the observed streamflow, besides dividing my drainage area to represent streamflow in
335 units of millimeters.

336

337  We train the LSTM by minimizing the mean-squared error averaged over the 141 training watersheds
338  during the training period:

339 MSE = S 301 20 (Qne = Qne)’ 2
340  where N is the number of training watersheds and T, is the number samples in the n™ watershed. Qn_t and
341 Q. are, respectively, the streamflow prediction and observation for basin n and day t. To estimate Q. ,,
342  we feed into the network an input sequence for the past T=365 days. The model was developed with 1
343 hidden layer composed of D=256 nodes, a mini-batch size of 256, a learning rate of 0.0005, and a drop-out
344  rate of 0.4, and it was trained across 30 epochs. All hyperparameters (number of hidden layer nodes, mini-
345  batch size, learning rate, dropout rate, and number of epochs) were selected in a 5-fold cross-validation on
346  the training sites. Network weights are tuned using the ADAM optimizer (Kingma & Ba, 2015). The model
347 s trained 10 separate times with different random initializations to account for uncertainty in the training
348  process.

349

350  For the evaluation of streamflow projections under climate change, we also use an LSTM taken from
351  Kratzert et al. (2021) and employed in SW22, which was fit to 531 basins across the contiguous United
352  States (hereafter called the National LSTM). This model was trained using a different set of data compared
353  toour Great Lakes LSTM but also used a mix of dynamic and static features, all of which were drawn from
354  the Catchment Attributes and Meteorology for Large-Sample Studies (CAMELS) dataset (Newman et al.,
355  2015). This model uses daily precipitation, maximum and minimum temperature, shortwave downward
356  radiation, and vapor pressure as input but not PET. However, we note that temperature, radiation, and vapor
357  pressure are the three major inputs (besides wind speeds) needed to calculate energy budget-based PET.

358
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359 3.1.3. MC-LSTM

360  Following Hoedt et al. (2021) and Frame et al. (2021b), we adapt the architecture of the LSTM into a mass
361  conserving MC-LSTM that preserves the water balance within the model, i.e., the total quantity of
362  precipitation entering the model is tracked and redistributed to streamflow and losses from the watershed.

363  Using similar notation as for the LSTM above, the model structure is given as follows:

364

365 i[t] = 6(Wx[t] + Uic[t — 1] + Via[t] + b)) (Eq. 3.1)
366 o[t] = a(W,x[t] + Uyc[t — 1] + V,a[t] + b,) (Eq. 3.2)
367 R[t] = 6(Wgx[t] + Ugc[t — 1] + Vyza[t] + bg) (Eq. 3.3)
368 mlt] = R[t]c[t — 1] + i[t]x[t] (Eq. 3.4)
369 c[t] = (1 -o[t]) O mlt] (Eq. 3.5)
370  h[t] = o[t] © m[t] (Eq. 3.6)
371

372 Here, the inputs to the model are split between quantities x[t] to be conserved (i.e., precipitation), and non-
373 conservative inputs a[t] (i.e., temperature, wind speeds, PET, catchment properties, etc.). Water in the
374 system is stored in the D-dimensional vector m[t] and is updated at each time step based on water left over
375  from the previous time step (c[t-1]) and water entering the system at the current time step (x[t]). The input
376  gate i[t] and a redistribution matrix R[t] are designed to ensure water is conserved from c[t — 1] and x[t]
377  to mt], by basing these gquantities on a normalized sigmoid activation function that ensures a column-
378  normalized R[t] and i[t] summing to unity.

379

380  The mass in m[t], which is stored across D elements in the vector, is then distributed to the output of the
381  hidden layer, h[t], or the next cell state, c[t]. To account for water losses from evapotranspiration or other

382  sinks, one element of the D-dimensional vector h[t] is considered a ‘trash cell’, and the output of this cell
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383 isignored when calculating the final streamflow prediction, which at time T is given by the sum of outgoing
384  water mass:

385

386 y[T] =38zt hylT] (Eq. 4)
387

388  Here, the D cell of h (hp) is set as the trash cell, and water allocated to this cell at each time step t=1,..,T
389 s lost from the system. We note that the MC-LSTM was trained in the same way as the LSTM (i.e., same
390 inputs, loss function, training and test sets, hyperparameter selection process, number of ensemble members
391  with random initialization).

392

393 3.14. MC-LSTM-PET

394  We also propose a novel variant of the MC-LSTM that requires water lost from the system to not exceed
395  PET (hereafter referred to as the MC-LSTM-PET). In the original MC-LSTM, any amount of water can be
396  delegated to the trash cell hp. Therefore, while water is conserved in the MC-LSTM, the model has the
397  freedom to transfer any amount of water from m|[t] to the trash cell (and out of the hydrologic system) as
398 it seeks to improve the loss function during training. This has the benefit of handling biased data, e.g., cases
399  where the precipitation input to the system is systematically too high compared to the measured outflow.
400  However, this structure also has the drawback of potentially removing more water from the system than is
401  physically plausible. To address this issue, we propose a small change to the architecture of the MC-LSTM,
402  where any water relegated to the trash cell that exceeds PET at time t is directed back to the stream:
403

404 y[t] = X3=1 halt] + ReLU(hp[t] — PET[t]) (Eq. 5)
405

406  Here, the ReLU activation ensures that any water in the trash cell (hp) which exceeds PET at time t is

407  added to the streamflow prediction y[t], but the streamflow prediction is the same as the original MC-
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408 LSTM (Eq. 4) if water in the trash cell is less than PET. This approach assumes that the maximum allowable
409  water lost from the system cannot exceed PET, and therefore ignores other potential terminal sinks (e.g.,
410  deep groundwater percolation that remains disconnected from the stream; lateral groundwater flows out of
411  the watershed; human diversions). However, given that evapotranspiration accounts for the vast majority
412 of water lost in most hydrologic systems, this assumption is likely reasonable in most cases. The MC-
413  LSTM-PET was trained in the same way as the LSTM (i.e., same inputs, loss function, training and test
414  sets, hyperparameter selection process, number of ensemble members with random initialization).

415

416  3.2. Model Performance Evaluation

417  Asnoted previously, 141 of the watersheds are designated as training sites, and the remaining 71 watersheds
418  are used for testing. In addition, the training and testing periods were restricted to January 2001 -December
419 2010 and January 2011 — December 2017, respectively. This provides three separate ways to evaluate model

420  performance:

421 e Temporal validation - Performance across models is evaluated at training sites during the testing
422 period.

423 e Spatial validation - Performance across models is evaluated at testing sites during the training
424 period.

425 e Spatiotemporal validation - Performance across models is evaluated at testing sites during the
426 testing period.

427

428  All three evaluation strategies are utilized. For benchmark process-based models that are calibrated locally
429  on a site-by-site basis, we consider model versions that are transferred to testing sites from training sites,
430  as well as models that are trained to the testing sites directly (see Section 3.1.1). The former can be used
431  for all three evaluation strategies above, while the latter can only be used for temporal validation at the

432  testing sites.
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433

434  Several metrics are considered for model evaluation, including percent bias (PBIAS), the Nash-Sutcliffe
435  Efficiency (NSE; Nash and Sutcliffe, 1970), Kling-Gupta Efficiency (KGE; Gupta et al. 2009), top 2%
436  peak flow bias (FHV; Yilmaz et al. 2008), and bottom 30% low flow bias (FLV; Yilmaz et al. 2008). Each
437  metric is calculated separately for training and testing periods for each site. For the DL models, all results
438  are estimated from the ensemble mean from 10 separate training trials.

439

440  For the process models, the MC-LSTM, and the MC-LSTM-PET, we also compare simulations of AET to
441  observations of AET from the GLEAM database. We note that AET data were not used to train any of the
442  models. For the process models, AET is a direct output of the model and so can immediately be extracted
443  for comparison, but AET is not directly simulated by the MC-LSTM or MC-LSTM-PET. Instead, we
444 assume water delegated to the trash cell permanently leaves the system because of evapotranspiration.
445  Several metrics are used to compare model-based AET to GLEAM AET, including KGE, correlation, and
446  PBIAS, and the comparison is conducted for training sites during the training period and under temporal,
447  spatial, and spatiotemporal validation (as described above). Similar to streamflow, all AET results for the
448  MC-LSTM and MC-LSTM-PET are based on the ensemble mean of water delegated to the trash cell from
449  the 10 separate training trials.

450

451  3.3. Evaluating Hydrologic Response under Warming

452  All Great Lakes models in this study are trained twice with different PET estimates as input, including the
453  Hamon method (a temperature-based approach; Hamon, 1963) and the Priestley-Taylor method (an energy
454  budget-based approach; Priestley and Taylor, 1972). PET (in mm/day) under the Hamon method is
455  calculated as follows (Shaw and Riha, 2011):

456

457 PETy = ay X 29.8 X Hryay - f;;S . (Eq. 6)
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458 egqe = 0.611 X exp (1)

237.34T,

(Eq. 7)
459 where Hrgq,, is the number of daylight hours, T, is the average daily temperature (°C) calculated from

460  daily minimum and maximum temperature, eg,; iS the saturation vapor pressure (kPa), and ay is a
461  calibration coefficient set to 1.2 for all models in this study (similar to Lu et al., 2005).

462

463  PET under the Priestley-Taylor method is calculated as follows:

464

A(Ta)X(Rn—G)

465  PETpr = “PT( BT +Y)

) x 1000 (Eq. 8)

466

467  Here, A(T,) is the slope of the saturation vapor pressure temperature curve (kPa/°C) and is a function of
468 T,y is the psychrometric constant (kPa/°C), 1 is the volumetric latent heat of vaporization (MJ/m3), R, is
469  the net radiation (MJ/m?-day) equal to the difference between net incoming shortwave (R,) and net
470  outgoing longwave (R,,;) radiation, G is the heat flux to the ground (MJ/m?-day), and apr is a dimensionless
471  coefficient set to 1.1 for all models in this study (similar to Szilagyi et al., 2017). Details on how to calculate
472y, A(T,), and R, are available in Allen et al. (1998), and we assume G=0. Net shortwave radiation is given
473 by R, = (1 — )R, with { = .23 the assumed albedo and R, the incoming shorwave radiation. We note
474  that net outgoing longwave radiation R, is a function of maximum and minimum temperature, actual vapor
475  pressure, and R, (see Eq. 39 in Allen et al. 1998). All exogenous meteorological inputs for the two methods
476  are derived from the RDRS-v2 (see Section 2). We note that using @y = 1.2 and apr = 1.1 leads to very
477  similar PET estimates between the Hamon and Priestley-Taylor methods under baseline climate conditions,
478  helping to ensure their comparability.

479

480  We then develop a simple climate change scenario in which the historical minimum and maximum

481  temperature time series are increased uniformly by 4 °C, and the two PET estimates are updated using these

21



https://doi.org/10.5194/egusphere-2023-1744
Preprint. Discussion started: 9 August 2023 G
© Author(s) 2023. CC BY 4.0 License. E U Sp here

482  warmed temperatures. We focus the climate change assessment on training period data at the training sites,
483  so that any differences in climate change projections that emerge between the DL and process models are
484  due to model structural differences and not the effects of spatiotemporal regionalization. In the Priestly-
485  Taylor method, we maintain historical values for R to isolate how changes in temperature and its effect on
486  A(T,) and R,,; influence changes in PET. The use of historical Rs is supported by the results from CMIP5

487  projections presented in Lai et al. (2022), but this assumption is discussed further in Section 5.
488

489  We also develop a similar climate change scenario for the National LSTM, which uses five dynamic input
490  features from the CAMELS dataset (daily precipitation, maximum temperature, minimum temperature, Rs,
491  and water vapor pressure). Here, temperatures are warmed by 4 °C, while precipitation and R; are held at
492  historical values. There is a strong correlation between vapor pressure and minimum temperature in the
493  CAMELS dataset, since minimum temperature is used to estimate the water vapor pressure (Newman et al.,
494  2015). Thus, to run the National LSTM under warming, we also adjust the vapor pressure input based on

495  the change imposed to minimum temperature. This procedure is detailed in SW22.

496

497  For both the Great Lakes DL models and the National LSTM, the dynamic inputs are adjusted based on the
498  warming scenarios above. We also consider changes to some of the static input features that depend on
499  temperature and PET (e.g., pet_mean, aridity, t_mean, frac_snow; see Table 1) and run all models using
500 two settings: 1) with climate changes only to the dynamic features, and 2) with climate changes to both
501  dynamic and static features.

502

503  Ultimately, for each model we compare hydrologic projections under the warmed scenario to their values
504  under the baseline scenario with no warming. For the National LSTM, we only consider basins in the
505 CAMELS dataset within the Great Lakes Basin. We examine four different metrics for this comparison,
506 including:
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507 o AVG.Q: the average runoff across the entire series.

508 e FHV: the average of the top 2% peak flows.

509 e FLV: the average of the bottom 30% low flows.

510 e COM: the median center of mass across all years, where the center of mass is defined as the day of
511 the year by which half of the total annual flow has passed.

512

513  If our hypothesis is correct that the LSTM cannot distinguish water loss differences with different PET
514  projections but similar warming while process-based and PIML models can, we would expect that under
515  the LSTM using both PET projections, average flow will decline significantly and with similar magnitude
516  to the process models using the temperature-based PET method but not the energy budget-based PET
517  method. We would also expect the National LSTM to exhibit similar behavior, even though it was able to
518 learn from a larger set of watersheds across a more diverse range of climate conditions. Finally, if our
519  hypothesis is correct, we would expect the PIML models (MC-LSTM, MC-LSTM-PET) to follow the
520  process model projections more closely across the two different PET projections, at least in terms of the
521  difference in magnitude of average streamflow declines. For comparison, we also explore the differences
522 inlow flow (FLV), high flow (FHV), and timing (COM) metrics across all model versions, where we have
523  less reason to anticipate how DL and process models will differ in their projections and across PET
524  formulations.

525

526 4. Results

527  4.1. Model Performance Evaluation

528  Figure 3 shows the distribution of KGE values across sites for streamflow from the LSTM, MC-LSTM,
529  MC-LSTM-PET, and the three process-based models for both the training and testing sites during both the
530 training and testing periods. All results here and elsewhere in Section 4.1 are shown for the models fit with

531  Priestley-Taylor PET, but there is little difference in performance for the models fit with Hamon PET (see
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532  Figure S1). For the process-based models, we show results for models fit to the training sites and then used
533  asdonors at the testing sites, as well as models fit to the testing sites directly. We denote the latter with the
534  suffix “-test” and note that performance metrics at the training sites are not available for process models fit
535  to the testing sites.

536

537  Several insights emerge from Figure 3. First, for the training sites during the training period, all models
538  perform very well (Figure 3a). Across the three process models, the median KGE is 0.82, 0.83, and 0.81
539  for HBV, SAC-SMA, and HYMOD, respectfully. However, unsurprisingly, the DL models perform better
540  for the training data, with median KGE values all equal or above 0.88. The LSTM performs best in this
541  case. Under temporal validation (training sites during the testing period), performance degrades somewhat
542  across all models, and the differences in KGE between all process-based models and between all DL models
543  shrink considerably (Figure 3c). Larger performance declines are seen at the testing sites during the training
544  period (Figure 3b) and testing period (Figure 3d). Here, the median KGE for all process models falls to
545  between 0.56-0.57 when streamflow at the testing sites is estimated with donor models from nearby gauged
546  watersheds. In contrast, process models fit to the testing sites (denoted “-test™) exhibit performance similar
547  to that seen in Figure 3a,c. All three DL models perform quite well for the testing sites, with median KGE
548  values above 0.71 in both time periods. This is only modestly below the median KGE for the process models
549  fit to the testing sites, which is quite impressive given that this represents the spatial out-of-sample
550  performance of the DL models. We even see that for approximately 10% of testing sites during the training
551  period, the DL models outperform the process models fit to those locations in that period.

552
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554 Figure 3. The distribution of Kling-Gupta efficiency (KGE) for streamflow estimates across sites from

555 each model at the (a) 141 training sites and (b) 71 testing sites for the training period. Similar results for
556 the testing period are shown in panels (c) and (d), respectively. For the process models fit to the testing

557 sites (denoted “-test”), no performance results are available at the training sites. All models are trained
558 using Priestley-Taylor PET.
559

560  Table 2 shows the median KGE, NSE, PBIAS, FHV, and FHL across testing sites for all models, excluding
561  the process models fit to the testing sites. Similar to Figure 3, all three DL models outperform the donor-
562  based process models at the testing sites for all metrics, with the exception of PBIAS during the training
563  period. The performance across the three different DL models is similar, although there are some notable
564  differences. In particular, the LSTM outperforms the MC-LSTM and MC-LSTM-PET for KGE, NSE, and
565  FLV, the MC-LSTM-PET outperforms the LSTM and MC-LSTM for PBIAS, and either the MC-LSTM or
566  MC-LSTM-PET are the best performers for FHV. We note that percent biases for FLV are high because
567  the absolute magnitude of low flows is small, so small absolute biases still lead to large percent biases.
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568

569  Table 2. The median KGE, NSE, PBIAS, FHV, and FLV for streamflow across testing sites for the training
570  and testing periods for all models (excluding the process models fit to the testing sites). The metric from
571  the best performing model in each period is bolded. All models are trained using Priestley-Taylor PET.

Testing Sites: Training Period Testing Sites: Testing Period
Model KGE | NSE | PBIAS | FHV | FLV | KGE | NSE PBIAS | FHV | FLV
LSTM 0.76 | 0.77 9.66 17.58 | 30.98 | 0.72 0.68 12,15 | 26.01 | 27.32
MC-LSTM 0.74 | 0.72 9.48 15.52 | 41.46 | 0.72 0.65 12.13 | 22.82 | 35.80

MC-LSTM-PET | 0.73 | 0.72 8.63 18.80 | 48.10 | 0.71 0.66 10.22 | 22.49 | 44.43

HBV 0.57 | 0.42 8.41 32.61 | 50.41 | 0.56 0.45 11.24 | 36.29 | 46.67
SAC-SMA 0.57 | 043 11.03 | 34.54 | 42.08 | 0.56 0.41 12.13 | 36.74 | 49.29
HYMOD 0.57 | 041 9.58 32.70 | 52.24 | 0.57 0.45 11.16 | 36.34 | 53.62

572

573  Figure 4 shows similar results as Figure 3, but for the KGE based on estimates of AET. Also, only donor
574  process models are shown for the testing sites. Results for correlation and PBIAS are available in the
575  Supplemental Information (Figures S2-S3). Here, the LSTM is not included because estimates of AET are
576  unavailable, while AET from the MC-LSTM and MC-LSTM-PET is based on water relegated to the trash
577  cell. Note that none of the models were trained for AET, and so results at training sites during the training
578  period also provide a form of model validation. Figure 4 shows that SAC-SMA and HBV predict AET with
579 relatively high degrees of accuracy for both training and testing sites in both periods (median KGE between
580  0.77-0.80). Performance is slightly worse for HY MOD. Notably, the MC-LSTM-PET exhibits very similar,
581  strong performance for all sites and periods as compared to SAC-SMA and HBV, except for one testing
582  site. In contrast, the MC-LSTM performs the worst of all models, with median KGE values ranging between
583  0.53-0.57.

584

585
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Figure 4. The Kling-Gupta efficiency (KGE) for AET estimated from each model at the (a) 141 training
sites and (b) 71 testing sites for the training period. Similar results for the testing period are shown in
panels (c) and (d), respectively. The LSTM is not included in this comparison. All models are trained

using Priestley-Taylor PET.
Further investigation reveals that the differences in KGE between the MC-LSTM and MC-LSTM-PET
models for AET are largely driven by differences in correlation (see Figure S2). We examine this difference
in more detail in Figure 5, which presents scatterplots of observed AET versus water allocations to the trash
cell for the two models from five randomly sampled testing sites across both training and testing periods.
Trash cell water from the MC-LSTM is not only more scattered around observed AET compared to the

MC-LSTM-PET, but it also exhibits many outlier values that are two to five times larger than observed

AET. The MC-LSTM-PET follows the variability of AET much more closely, with virtually no outliers
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599  that exceed AET by large margins. This suggests that the PET constraint on the trash cell in the MC-LSTM-

600  PET helps water allocated to that cell more faithfully represent an ET sink in the DL model.
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602 Figure 5. Scatterplots of daily AET versus trash cell water for the (top) MC-LSTM and (bottom) MC-
603  LSTM-PET at five randomly selected testing sites across both training and testing periods. All models are
604 trained using Priestley-Taylor PET.

605

606  4.2. Evaluating Hydrologic Response under Warming

607  Next, we evaluate streamflow projections under a 4 °C warming scenario. We focus on training sites during
608 the training period, so that any differences that emerge between DL and process models are only related to
609  model structure and not spatiotemporal regionalization. First, we show the differences in historic and
610  projected PET when using the Hamon and Priestley-Taylor methods (Figure 6). For the training period
611  without any temperature change, PET estimated from the two methods is very similar (shown at one sample
612  location for demonstration; Figure 6a). However, under the scenario with 4 °C of warming, Hamon-based
613  PET issignificantly larger than Priestley-Taylor based PET (Figure 6b). On average, this difference reaches
614  ~16% across all training sites and exhibits very little variability across locations (Figure 6¢). The primary
615 reason for the difference in projected change in PET is that the Hamon method attributes PET entirely to
616  temperature, while only a portion of PET is based on temperature in the Priestley-Taylor method, with the

617  rest based on Rq. It is worthwhile to note that R, does change with temperature through its effects on net

618  outgoing longwave radiation, but these changes are small.
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621 Figure 6. (a) Daily PET estimated using the Hamon and Priestley-Taylor method for one sample

622 watershed, under historic climate conditions in the training period. (b) Same as (a), but under the climate
623 change scenario with 4 °C of warming. (c) Percent change in average PET with 4 °C of warming across
624 all training sites using the Hamon and Priestley-Taylor methods.

625

626  Figure 7 shows how these differences in PET under warming propagate into changes in different attributes
627  of streamflow across training sites in the training period. The left and right columns of Figure 7 show
628  projections using Hamon and Priestley-Taylor PET, respectively, while the rows of Figure 7 show the
629  distribution of changes (as a percentage) in different streamflow attributes (AVG.Q, FLV, FHV, COM)
630  across models. Figure 7 shows results for DL models where only the dynamic inputs are changed under

631  warming, while Figure S4 show the same results when both the dynamic and the static climate properties

632  are updated with warming.
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633

634  Starting with changes in AVG.Q, Figure 7a,b shows that under the Hamon method for PET, the DL models
635  exhibit similar changes in average streamflow to the process-based models, with the median AAVG.Q
636  across sites ranging between -23% and -17% across all models. However, when using Priestley-Taylor PET,
637  larger differences in the distribution of AAVG.Q emerge. Across all three process models, the median
638  AAVG.Q is between -9% to -5%, and very few locations exhibit AAVG.Q less than -20%. Conversely, the
639  LSTM shows a median water loss of -20% under Priestley-Taylor PET and a very similar distribution of
640  water losses regardless of whether Hamon or Priestley-Taylor PET was used. The MC-LSTM is also
641  relatively insensitive to PET, and as compared to the process models, the MC-LSTM tends to predict
642  smaller absolute changes to AVG.Q for Hamon PET and larger changes under Priestley-Taylor PET. Only
643  the MC-LSTM-PET model achieves water loss that is significantly smaller under Priestley-Taylor PET
644  than Hamon PET and closely follows the process models in both cases.

645

646  The overall pattern of change in low flows (FLV) is very similar across all three DL models, with median
647  declines between -25% to -15% and little variability across sites (Figure 7c,d). The process models disagree
648  significantly on changes to FLV and bound the changes predicted by the DL models. HBV and HYMOD
649  show mostly increases to FLV under warming and Priestley-Taylor PET, and a mix of increases and
650  decreases across sites for Hamon PET. SAC-SMA exhibits large declines in FLV under warming and
651  Hamon PET, and shows a median change that is similar to the DL models under Priestley-Taylor PET. The
652  percent changes in FLV across models tend to be large because the absolute magnitude of FLV is small,
653  and so small changes in millimeters of flow lead to large percent changes.

654

655  The differences between process-based and DL simulated changes for high flows (FHV; Figure 7e,f) and
656  streamflow timing (COM; Figure 7g,h) are relatively consist, with the process models exhibiting larger

657  declines in high flows and earlier shifts in streamflow timing compared to the DL models. The choice of
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658  PET method has a moderate impact on process-model based changes in FHV, with larger declines under
659  Hamon PET. A similar signal is also seen for the MC-LSTM-PET but not the MC-LSTM or LSTM,
660  although the LSTM predicts changes in FHV closest to the process models. For COM, the process models
661  show a wide range of variability in projected change across sites, from no change to 60 days earlier. For
662  the DL models the range of change is much narrower, and the median change in COM is almost a week
663 less than the median change across the process models. The method of PET estimation has relatively little
664  impact on both process model and DL based estimates of change in COM.

665

666  We note that if the static watershed properties (pet_mean, aridity, t_mean, frac_snow; see Table 1) are also
667  changed to reflect warmer temperatures and higher PET, all three DL models exhibit unrealistic water gains
668  for between 15%-40% of locations depending on the model and PET method, with the most water gains
669  occurring under the LSTM (Figure S4). These results suggest that changing the static watershed properties
670  associated with long-term climate characteristics can degrade the quality of the projections, at least when
671  the climate changes are large and the range of average temperature and PET in the training set is limited.
672  We also note that the results in Figure 7 are largely unchanged if based on projections for testing sites in
673  the testing period (Figure S5).

674
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676 Figure 7. The distribution of change in (a,b) AVG.Q, (c,d) FLV, (e,f) FHV, and (g,h) COM across the

677 141 training sites and all models under a scenario of 4°C warming using (a,c,e,g) Hamon PET and
678 (b,d,f,h) Priestley-Taylor PET. For the DL models, changes were only made to the dynamic inputs (i.e.,
679 no changes to static inputs).

680
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681  One reason why the Great Lakes LSTM exhibits excessive hydrologic losses under warming could be that
682  the model was trained using sites that are confined to a limited range of temperature and PET values found
683  inthe Great Lakes basin (spanning approximately 40.5°-50°N), and so is ill-suited to extrapolate hydrologic
684  response under warming conditions that extend beyond this range. To evaluate this hypothesis, we examine
685  changes to AVG.Q, FLV, FHV, and COM under 4°C warming at the 29 CAMELS watersheds within the
686  Great Lakes basin using the National LSTM (Figure 8). For comparison, we also examine similar changes
687  under all six Great Lakes DL and process models at 17 of those 29 CAMELS basins that were used in the
688 training and testing sets for the Great Lakes models, and also separate out the National LSTM projections
689  for those 17 sites. Note that in Figure 8, the National LSTM projections do not differ between Hamon and
690  Priestley Taylor PET, because PET is not an input to that model.

691

692  The National LSTM was trained to watersheds across the contiguous United States (spanning
693  approximately 26°-49°N), and so was exposed to watersheds with much warmer conditions and higher PET
694  during training. However, we find that the National LSTM still projects very large declines in AVG.Q. For
695 the 29 CAMELS watersheds in the Great Lakes basin, the median decline in AVG.Q under the National
696  LSTM is approximately 25%, which is moderately larger than the median projections of loss under the
697  process models using Hamon PET and much larger than the process model losses under Priestley-Taylor
698  PET (Figure 8a,b). We also see larger declines in FLV under the National LSTM as compared to the other
699  Great Lakes DL models (Figure 8c,d). The National LSTM projects changes in FHV (Figure 8e,f) and COM
700  (Figure 8g,h) that are similar to the process models, and for COM, the projections are closer to the process
701  models than for any Great Lakes DL model. In addition, the hydrologic projections are stable under the
702  National LSTM regardless of whether only dynamic inputs or both dynamic and static inputs are changed
703  under warming (see Figure S6), in contrast to the Great Lakes DL models. Therefore, the use of more

704  watersheds in training that span a more diverse set of climate conditions likely benefit the model when
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705  inputs are shifted significantly to reflect new climate conditions. However, as shown in Figure 8a,b, this
706  benefit does not mitigate the tendency for the National LSTM to overestimate water loss under warming.
707
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709 Figure 8. The distribution of change in (a,b) AVG.Q, (c,d) FLV, (e,f) FHV, and (g,h) COM across 29
710 CAMELS sites within the Great Lakes basin under the National LSTM (solid pink), as well as for 17 of
711 those 29 sites from the Great Lakes DL and process models, under a scenario of 4°C warming. Results
712 from the National LSTM for those 17 sites are also highlighted (dashed pink). For the Great Lakes
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713 models only, results differ when using (a,c,e,f) Hamon PET and (b,d,f,h) Priestley-Taylor PET. For the
714 National LSTM, changes were made only to the dynamic inputs.

715

716  To better understand why the National LSTM predicts large water losses under warming, it is instructive
717  to examine how average streamflow, (Priestly-Taylor estimated) PET, and Rs vary across all 531 CAMELS
718  watersheds of different average temperatures, and compare this variability to projected changes in PET at
719  each site under warming. Specifically, we compare the difference in long-term (1980-2014) average
720  streamflow (Figure 9a), PET (Figure 9b), and Rs (Figure 9c) across all pairs of basins in the CAMELS
721  dataset with average long-term precipitation within 1% of each other, and plot these differences against the
722  differences in average temperature across each pair. The results show that the difference in average
723 streamflow across watersheds with similar precipitation becomes negative when the difference in
724 temperature is positive (i.e., warmer watersheds have less flow on average), and that when the difference
725  inaverage temperature reaches 4°C, flows differ by about 20% on average (Figure 9a). This is very similar
726  to the projected median decline in average streamflow seen for the National LSTM in Figure 8. We also
727  note that average PET increases by approximately 20% between watersheds that differ in average
728  temperature by 4°C (Figure 9b). However, higher PET in warmer watersheds is related both to the direct
729  effect of temperature on vapor pressure deficit, as well as to the fact that higher incoming solar radiation
730  co-occurs in warmer watersheds (Rs is approximately 9% higher across watershed pairs that differ by 4°C;
731 Figure 9c). Using the Priestley-Taylor method, we estimate that average PET would only increase by
732 between 9-14% (median of 11.5%) if temperatures warm by 4°C and R is held at historic values, while R,
733 isincreased slightly due to declines in net outgoing longwave radiation with warming (Figure 9d). However,
734  the National LSTM appears to convolute the effects of temperature and Rs and cannot separate out their
735  effects on ET-based water loss, leading to larger projected streamflow losses under 4°C warming than
736  changes in PET would warrant. This is possibly because of the very strong correlation between at-site daily
737  temperature and Rs historically (median correlation of 0.85 across all CAMELS watersheds).

738
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740 Figure 9. The percent difference in long-term (1980-2014) average (a) streamflow, (b) Priestley-Taylor

741 based PET, and (c) downward shortwave radiation (Rs) for all pairs of CAMELS basins with average
742 precipitation within 1% of each other, plotted against differences in average temperature for each pair. A
743 loess smooth is provided for each scatter (blue), along with the changes in variable estimated at a 4°C
744 temperature difference between pairs of sites (red). (d) The projected change in Priestley-Taylor based
745 PET (as a percentage) for each CAMELS basin under 4°C warming, assuming no change in Rs.

746

747 5. Discussion and Conclusion

748 In this study, we contribute an analysis that evaluates the physical plausibility of future streamflow
749  projections under climate change using DL rainfall-runoff models. The basis for this evaluation is anchored
750  tothe assumption that differences in streamflow projections should emerge under very different projections
751  of future PET, and that realistic projections of future PET and water loss under warming tend to be much
752 lower than those estimated by temperature-based PET methods. Accordingly, we assume that physically
753  plausible future streamflow projections should be able to respond to lower energy-budget based PET
754  projections under warming and, all else equal, project smaller streamflow losses.

755

756  The results of this study show that a standard LSTM is not able to predict physically realistic differences in

757  streamflow response across substantially different projections of future PET under warming. This
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758  discrepancy in future projections emerged despite the fact that the standard LSTM was a far better model
759  for streamflow estimation in ungauged basins compared to three process-based models under historic
760  climate conditions. In addition, the National LSTM trained to a much larger set of watersheds (531 basins
761  across 23° of latitude) using temperature, vapor pressure, and Rs directly (rather than PET) also estimated
762  water loss under warming that far exceeded the losses estimated with process models forced with energy
763  budget-based PET. Since water losses estimated using energy budget-based PET are generally considered
764  more realistic (Lofgren et al., 2011; Shaw and Riha, 2011; Lofgren and Rouhana, 2016; Milly and Dunne,
765  2017; Lemaitre-Basset et al. 2022), this result casts doubt over the physical plausibility of the LSTM
766  projection.

767

768  Results from this work also suggest that PIML-based DL models can capture physically plausible
769  streamflow responses under climate change while still maintaining superior prediction skill compared to
770  process models, at least in some cases. In particular, a mass conserving LSTM that also respected the limits
771  of water loss due to ET (the MC-LSTM-PET) was able to project changes in average streamflow that much
772 more closely aligned with process-model based estimates, while also providing competitive out-of-sample
773 performance across all models considered (including the other DL models). A more conventional MC-
774  LSTM that did not limit water losses by PET was less consistent with process-based estimates of change in
775  average streamflow. These results highlight the potential for PIML-based DL models to help achieve similar
776  performance improvements over process-based models as documented in recent work on DL rainfall-runoff
777  models (Kratzert et al., 2019a,b; Feng et al., 2020; Nearing et al., 2021) while also producing projections
778  under climate change that are more consistent with theory than non-PIML DL models.

779

780  An interesting result from this study was the disagreement in the change in high flows and streamflow
781  timing between all Great Lakes DL models and process models, the latter which estimated greater
782  reductions in high flows and larger shifts of water towards earlier in the year. Projections from the Great
783  Lakes DL models were also unstable if static climate properties of each watershed were changed under

37



https://doi.org/10.5194/egusphere-2023-1744
Preprint. Discussion started: 9 August 2023 EG U
sphere

(© Author(s) 2023. CC BY 4.0 License.

784  warming. In contrast, the National LSTM was more stable if static properties were changed, and it predicted
785  changes to high flows and streamflow timing that were more like the process models than projections from
786  the Great Lakes DL models. While it is challenging to know which set of projections are correct for these
787  streamflow properties, these result overall favor projections from the National LSTM and highlight the
788  benefits of DL rainfall-runoff models trained to a larger set of diverse watersheds for climate change
789  analysis.

790

791  The MC-LSTM-PET model proposed in this work represents one (relatively simple) PIML-based
792  architectural change to an existing DL model in the hydrologic literature that can help better capture
793  physical constraints on water loss from hydrologic systems. However, other possibilities exist. For example,
794 the hard constraint in the MC-LSTM-PET could instead be imposed as a soft constraint through adjustments
795  to the loss function, where water losses in the trash cell that exceed PET are penalized. The MC-LSTM-
796  PET model could also be adjusted further to allow additional water losses in the trash cell related to human
797  water extractions from the watershed or other terminal sinks. A different approach would be to use learnable,
798  differentiable, process-based models with embedded neural networks (Jiang et al., 2020; Feng et al., 2022;
799  Feng et al., 2023), which can achieve similar performance to LSTMs but can also represent and output
800  different internal hydrologic fluxes. Further work is needed to evaluate the benefits and drawbacks of these
801  different PIML-based approaches, preferably on large benchmarking datasets such as CAMELS.

802

803  One important limitation of this study is how we constructed the climate change scenarios, with 4°C
804  warming but no change to net incoming shortwave radiation and slight decreases in net outgoing longwave
805  radiation with warming (i.e., slight increases in Rn). We did not consider any changes in net incoming
806  shortwave radiation because there is significant uncertainty in this term at local scales and its relationship
807  to local temperature change. Projections of net incoming shortwave radiation are highly variable across
808  space and can even differ in the direction of change, largely because of uncertainty in the representation of
809  clouds in climate models, future projections of aerosols, and the representation of cloud-aerosol interactions
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810  (Chen, 2021; Coppolaetal., 2021; Taranu et al., 2023). The relationship between local net radiation change
811  and local temperature change further depends on horizontal energy transport from other regions (Nordling
812  etal., 2021). In addition, the approximation we used for changes to net outgoing longwave radiation was
813  not designed to resolve all land-atmosphere energy balance feedbacks with changing atmospheric
814  composition under climate change. These uncertainties, along with uncertainties in energy-budget based
815  methods used to estimate PET (Greve et al. 2019; Liu et al., 2022), complicate future projections of
816  atmospheric drying power under warming. Regardless, the main finding of this work remains, namely that
817 DL models struggle to propagate different hypotheses of future PET scenarios into hydrologic projections
818  unless explicitly directed to do so.

819

820  Finally, we note that the results of this study do not entirely preclude the possibility that a standard LSTM,
821  fit to a sufficiently large set of diverse watersheds, could ultimately learn more physically realistic
822  projections under climate change. Our results with the National LSTM suggest that the signals between
823  temperature change and Rs on water loss may be entangled, making it difficult for the model to estimate the
824  individual effects of changes to one of those terms (temperature) on water loss. However, it is possible that
825  the model would produce hydrologic projections that were more in line with theory if it was given 1) high
826  quality data on all terms related to water loss; and 2) future projections of these terms that were co-
827  developed in physically consistent ways (e.g., from physical climate models). The Rs used in the National
828  LSTM was based on reanalysis and so may have had meaningful errors that drove the model to attribute
829  more water loss to warmer temperatures, and the scenario of warming given to the National LSTM (4°C
830  warming with no change in Rs) may violate the physical relationship between temperatures and Rs. While
831  outside the scope of the present study, we argue more work is needed to further explore the physical
832  plausibility of hydrologic projections with more standard LSTMs, with greater attention paid to the
833  meteorologic inputs used in the model under historical and future climate conditions.

834
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