
1 

 

Which strategy to improve the performances of an LSTM-based 

model for extreme stream temperature values? 

Mohamed Saadi1, Louis Guichard1,*, Gabrielle Cognot1, Laurent Labbouz2, Hélène Roux1 

1Université de Toulouse, Toulouse INP, CNRS, Institut de Mécanique des Fluides de Toulouse, 31400 Toulouse, France 
2Eaucea, 31000 Toulouse, France 5 
*Now at Laboratoire Environnement Ville Société (EVS), 69372 Lyon Cedex 08, France 

Correspondence to: Mohamed Saadi (mohamed.saadi@toulouse-inp.fr) 

Abstract. Deep-learning models have demonstrated strong performances in reproducing stream temperature dynamics, 

which is promising for the reconstruction of missing stream temperature records at ungauged locations. However, model 

accuracy for the range of high, summer stream temperature has been usually overlooked, raising the question of the 10 

suitability of using deep-learning methods during this crucial season. In this study, we investigated strategies to improve the 

performances of a stream-temperature model based on LSTM (Long Short-Term Memory) cells over the highest 10% 

observed values at 21 stations located in the Garonne river catchment. We quantified the gain in model performance thanks 

to regional multi-catchment training with static attributes, exploiting hydrologically relevant variables, and further penalizing 

the errors at extreme temperature values using custom loss functions. Our key results are: (1) Regional multi-catchment 15 

training is the best strategy to improve the performances of LSTM models not only over the top 10% values but also over the 

whole range of observations. (2) The gain in performances was mainly brought by the use of static, catchment and reach 

attributes. (3) Customizing the loss function to emphasize the model errors on extreme temperature values did not lead to 

significant gains in test performances. This study further confirms the suitability of well-trained LSTM models for extreme 

stream temperature values, offering significant advantages for water management at data-sparse regions during summer 20 

periods. 

1 Introduction 

1.1 Challenges in stream temperature monitoring 

Stream temperature is a key ecological variable that controls the biogeochemical equilibrium of river waters (Ducharne, 

2008; Zhi et al., 2023), the spawning, growth, and health of aquatic species (Alfonso et al., 2021; Armstrong et al., 2021; 25 

Bowerman et al., 2018), and their spatial distribution along the river network (Bonacina et al., 2023; Buisson et al., 2008; 

Comte et al., 2013; Daufresne and Boët, 2007; Maire et al., 2019; Picard et al., 2022). Changes in stream temperature have 

strong impacts on drinking water production (Delpla et al., 2009), fisheries and related recreational activities (Jones et al., 

2013), and can lead to disruption in electric energy production by impacting the cooling of power plants (van Vliet et al., 
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2012). Despite its ecological and socio-economic importance, existing monitoring networks of stream temperature are too 30 

recent (see Ouellet et al., 2020) and have a limited spatial coverage, leaving a significant number of reaches ungauged (Arora 

et al., 2016; Hannah and Garner, 2015). Furthermore, existing large-sample, nation-wide studies such as Beaufort et al. 

(2022), Hare et al. (2021) or Segura et al. (2015) illustrate the extent to which the characterization of the temporal variability 

of stream temperature can be limited due to low temporal resolution or high rates of missing values. For example, among the 

1700 French stations collected by Beaufort et al. (2022), only 30 stations had year-round observations covering the whole 9-35 

year period of study (2009-2017). This restricted spatiotemporal monitoring not only limits the understanding of stream 

temperature variability at a variety of locations with contrasting landscape and climatic settings, but also the quantification 

and attribution of changes in stream temperature due to climate change or anthropogenic perturbations (Essaid and Caldwell, 

2017; Kędra and Wiejaczka, 2018; Macedo et al., 2013; Moatar and Gailhard, 2006; Seyedhashemi et al., 2021; van Vliet et 

al., 2013). 40 

1.2 Modelling approaches to overcome the monitoring gap: A brief overview 

To overcome this monitoring gap, stream temperature models are typically applied to extend the existing records beyond 

their temporal coverage or reconstruct missing records at ungauged locations (via model regionalization). These models 

encode the interactions between stream temperature and other atmospheric and hydrological variables that are more widely 

available. A first modelling approach consists in explicitly specifying these interactions in the model structure by solving the 45 

energy budget at the reach scale. This energy budget accounts for heat advection along the watercourse and heat fluxes at the 

free surface and at the streambed (Caissie, 2006; Dugdale et al., 2017; Leach et al., 2023; Moore et al., 2005). Following this 

modelling approach, model parameters have a physical meaning and this facilitates the projection of changes in stream 

temperature due to climate or landscape changes. For example, Caissie et al. (2014), Kurylyk et al. (2015) and Rivière et al. 

(2020) solved the heat transport equation to represent the heat exchanges at the stream-aquifer interface, either to 50 

characterize the nature of heat fluxes (advective vs. diffusive) based on temperature measurements or to quantify the 

sensitivity of the groundwater thermal regime to changes in stream temperature. Dugdale et al. (2024) used a heat balance 

model to quantify the impact of increasing riparian shading by tree planting on stream temperature at one single reach in 

Scotland. At the globe scale, Wanders et al. (2019) implemented a solution for the heat balance equation that accounted for 

heat advection by streamflow in order to reproduce the thermal regime of large rivers worldwide. 55 

Unfortunately, fully solving the heat budget at the regional, catchment scale is computationally demanding and requires 

an expensive characterization of stream network morphology and other landscape parameters (such as the land use). 

Therefore, process-based approaches adopt several simplifying hypotheses, such as combining the physically based heat 

balance equation with a statistical approach or using the equilibrium temperature concept (Edinger et al., 1968) to 

parametrize the heat fluxes at the free surface. For example, Toffolon and Piccolroaz (2015) and Gallice et al. (2015) tested 60 

models of combined physically based and statistical methods for respectively three and 29 Swiss stations. Larnier et al. 

(2010) applied the equilibrium temperature concept to reproduce the daily stream temperature dynamics at one station 
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located in the Garonne river catchment (France). Bustillo et al. (2014) tested several variants of this concept for a station at 

the Loire river catchment (France) by comparing physics-based against regression methods to estimate the equilibrium 

temperature (in addition to the heat flux coefficient). Beaufort et al. (2016) extended this approach to the regional scale (the 65 

whole Loire catchment, ~105 km2) by coupling a hydrological model with a thermal model, in which they accounted for the 

geomorphological properties of the river reach, the network topology (Strahler order) and the riparian vegetation. A similar 

model structure was applied by Seyedhashemi et al. (2023) to simulate past and future thermal and hydrological regimes at 

the scale of the Loire catchment. 

Alternative to the process-based approach, the implicit, fully data-driven approach aims at capturing the correlations 70 

between stream temperature and hydro-climatic variables using machine learning techniques (see the reviews in Gallice et al. 

(2015), Benyahya et al. (2007), and Souaissi et al. (2023)). These techniques have less requirements in terms of data variety 

than process-based models and once calibrated/trained, their computational cost in forward mode is more affordable. Very 

basic methods apply linear and logistic regression to estimate stream temperature from air temperature (Ducharne, 2008; 

Jackson et al., 2018; Mohseni et al., 1998; Stefan and Preud’homme, 1993). In several studies, a pairing of stream 75 

temperature and air temperature, by looking at the ratio of the characteristic amplitudes of the two signals or the lag between 

their phases, can help quantify the importance of groundwater contributions (Briggs et al., 2018; Hare et al., 2021; Johnson 

et al., 2020) or characterize the effects of dams and ponds (Seyedhashemi et al., 2021). More advanced applications account 

for hydrological and spatial controls on stream temperature in addition to atmospheric variables (Feigl et al., 2021; Isaak et 

al., 2014) and/or apply advanced machine-learning and deep-learning techniques to efficiently digest larger and more diverse 80 

data (Zhi et al., 2024). Among these techniques, models based on LSTM (Long Short-Term Memory; Hochreiter and 

Schmidhuber, 1997) have demonstrated excellent performances in predicting not only stream temperature but also several 

other dynamic, environmental variables (Arsenault et al., 2023; Kratzert et al., 2018; Ma et al., 2021; Nearing et al., 2024; 

Song et al., 2024; Zhi et al., 2021). Sadler et al. (2022) showed the ability of LSTM to predict both streamflow and stream 

temperature for 101 stations in the United States. Rahmani et al. (2021b) illustrated the excellent performances of LSTM 85 

models in reproducing stream temperature for 118 United States catchments, with a median RMSE (root-mean-square errors) 

at 0.69°C. In particular, they showed an interesting application of a two-stage LSTM model, where a hydrological LSTM-

based model provides streamflow simulations to an LSTM-based thermal model. Rahmani et al. (2021a) showed that 

regionalized LSTM networks are very suitable for transferring information on stream temperature dynamics from monitored 

to unmonitored locations. Other studies demonstrated successful applications of LSTM networks for more operational 90 

stream temperature forecasting (e.g., Qiu et al., 2021; Zwart et al., 2023). 

1.3 Research questions and scope of the paper 

Our literature overview reveals that LSTM networks offer a very promising avenue for catchment-scale reconstruction of 

stream temperature for several reasons: (1) They provide state-of-the-art performances at several locations (Rahmani et al., 

2021a, b); (2) Their performances improve when trained at several locations at once thanks to their flexibility, which is 95 
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suitable for regionalization (see Kratzert et al., 2024); (3) They can be physically constrained (Hoedt et al., 2021) and their 

structure can be physically interpretable (Lees et al., 2022). However, evaluation of LSTM performances for extreme values 

is limited to rainfall-runoff models (Frame et al., 2022; Nearing et al., 2024), and previous studies in the context of stream 

temperature modelling did not specifically address LSTM performances for extreme temperature values (Rahmani et al., 

2021a, b). Extreme stream temperature values usually occur during the summer season, a highly critical period from a water-100 

management standpoint, as it is concomitant with lower streamflow and higher air temperature values. Accurate predictions 

at this range are crucial to acceptably anticipate when the temperature values will exceed the legal/recommended threshold 

for drinking water production (25°C according to the Council Directive 80/778/EEC; https://eur-

lex.europa.eu/eli/dir/1980/778/oj/eng, last access: 5 April 2025) or the lethal/sub-lethal thresholds for freshwater species (see 

Jackson et al., 2018). 105 

Our objective is thus to address this research gap by exploring the performances of a daily LSTM-based model for stream 

temperature at 21 stations in the Garonne river catchment (~104 km2). This catchment faces several water management 

challenges especially during the summer season due to high anthropogenic pressure (agriculture, hydro-electricity, and 

urbanization). Paradoxically, very few studies have addressed stream temperature modelling at this catchment (Beaufort et 

al., 2022; Larnier et al., 2010). In our implementation, we focused on strategies to improve LSTM performances for high 110 

daily stream temperature values (top 10%). Specifically, we compared 18 loss functions, local vs. regional/multi-catchment 

training, and several combinations of static and dynamic input variables. We aimed at answering the following scientific 

questions: 

• For the aim of reproducing high stream temperature values, what can be gained from increasing the weight of 

extreme stream temperature values in the loss function used for training? 115 

• What is the added value of combining regional training with static catchment and reach attributes in improving 

the performances of LSTM for high stream temperature values? 

The remaining of this manuscript is organized as follows. Section 2 will present the catchment set, the collected stream 

temperature dataset, and the dynamic and static variables used to construct the LSTM models. Section 3 will detail the 

methodological setup and the tested strategies to improve LSTM performances for high stream temperature values. Sections 120 

4 and 5 will show and discuss the results, and Section 6 will summarize the main findings and propose some future research 

directions. 

2 Catchment set 

We used pre-processed daily stream temperature (𝑇𝑤) time series provided by the Haute-Garonne Departmental Council 

(CD31) at 37 stations located within the Garonne catchment upstream of Toulouse, France (Fig. 1). Among these stations, 125 

only 21 stations have more than 2434 daily observations of 𝑇𝑤, which is required to ensure a minimum of one year (365 
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days) of datapoints for model testing (see Sect. 3). We call these 21 stations “test stations”. Raw 𝑇𝑤 time series span years 

within the period 1991-2021 and were provided by different sources: 

• Data for 12 stations were extracted from the Naiades database (https://naiades.eaufrance.fr/acces-

donnees#/temperature, last access: 5 April 2025), which is managed at the national scale by the French Office for 130 

Biodiversity (Office Français de la Biodiversité). Among these stations, 10/12 are test stations; 

• Five stations are part of the alert network (Réseau des Stations d’Alerte, RSA), which serves to monitor the water 

quality at specific locations close to withdrawal points for drinking water production. Among these stations, 3/5 are 

test stations; 

• Data for 20 stations were provided by two departmental federations for fishing: FPeche31 (Fédération de Pêche de 135 

la Haute-Garonne), FPeche65 (Fédération de Pêche des Hautes-Pyrénées), and one additional fishing association: 

MIGADO (Migrateurs Garonne Dordogne Charente Seudre). Among these stations, 8/20 stations are test stations. 

This diversity of data providers poses a challenge from a standpoint of data quality and data uncertainty. For example, 

some of the 21 test stations are located very close to each other but their 𝑇𝑤 time series come from different sources. This is 

the case of three pairs of stations (see Fig. 1 for their location): (1) two stations that are located on the Garonne river at 140 

Bazacle (Toulouse) and their 𝑇𝑤  data were provided by RSA and MIGADO; (2) two stations that are located on the Garonne 

river at Valentine (Naiades and MIGADO); and (3) two stations that are located on the Pique river at Cier-de-Luchon 

(Naiades and MIGADO). Since these stations are still away from each other and their time series show some differences 

(due to sensor location and exposure), we decided to keep them all since there is no additional information that could help 

decide which stations to discard. 145 
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Figure 1: Location of the Garonne catchment and the 37 stream temperature stations used in this study. Test stations (i.e., with 

more than 2434 daily observations of stream temperature) are shown with magenta triangles, whereas stations used only for the 

training of regional models are shown in green. Elevation data are extracted from the SRTM GL3 product (90-m resolution). 

River network is extracted from BD CarTHAgE®. Numbers (1), (2), and (3) indicate the location of the river reaches with a pair 150 
of stations close to each other but with stream temperature data from two different sources. 

For each 𝑇𝑤 station, we extracted hourly air temperature values from the SAFRAN dataset (SAFRAN stands for Système 

d'Analyse Fournissant des Renseignements Adaptés à la Neige; Vidal et al., 2010). This dataset was provided by Météo-

France at a resolution of 8 km. From the hourly time series, we calculated daily mean air temperature (𝑇𝑎) and maximum and 

minimum air temperature for each day (𝑇𝑎𝑚𝑥  and 𝑇𝑎𝑚𝑛). 155 

In addition to station-scale atmospheric forcing, we also collected catchment-scale hydrologically relevant variables to 

test their added values in improving 𝑇𝑤 predictions, especially for the case of summer, high temperatures. A first set of 

hydrologically relevant variables is composed of catchment-scale precipitation (𝑃) and potential evapotranspiration (𝑃𝐸) 
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time series at the daily time step. First, we delimited the topographic catchment drained by each 𝑇𝑤  station using the 

PyFlwDir library (version 0.5.8; Eilander et al., 2021) with the 30-m SRTM dataset for elevation values (SRTM stands for 160 

Shuttle Radar Topography Mission; Farr et al., 2007). We did not choose the national product BD ALTI® because it does 

not cover the very upstream part of the Garonne catchment located in Spain. Second, we used the catchment polygon to 

extract spatial averages of precipitation values from the hourly, 1-km COMEPHORE dataset (COMEPHORE stands for 

COmbinaison en vue de la Meilleure Estimation de la Précipitation HOraiRE; Tabary et al., 2012), then we summed the 

hourly values for each day to obtain the daily time series. Third, we used the catchment polygon to extract spatial averages 165 

of air temperature values from the SAFRAN dataset, then we applied a temperature-based formula to compute daily potential 

evapotranspiration from the daily averages of air temperature (Oudin et al., 2005). 

The second set of hydrologically relevant variables is streamflow. We first extracted 18 available streamflow time series 

within the region of interest from the HydroPortail database (https://hydro.eaufrance.fr/, last access: 14 July 2025; Audouy et 

al., 2024). However, we found that the set of the 18 streamflow stations did not coincide with the set of 𝑇𝑤 stations. To 170 

circumvent this problem, we used the daily hydrological model GR6J (Pushpalatha et al., 2011) to simulate streamflow at 

each 𝑇𝑤 station, due to its parsimony and its suitability for low-flow values. We proceeded as follows: 

1. For each 𝑇𝑤 station, we looked for the closest streamflow station that is located either upstream or downstream 

following the river reach; 

2. We delimited the catchment drained by the streamflow station using the PyFlwDir Python library (Eilander et al., 175 

2021) applied to the 30-m SRTM dataset (Farr et al., 2007); 

3. We computed catchment-scale average precipitation and potential evapotranspiration for each streamflow station 

using the catchment polygon; 

4. We calibrated the GR6J hydrological model to reproduce the streamflow at the streamflow station using the 

corresponding precipitation 𝑃𝐵𝑉𝑄
 and potential evapotranspiration 𝑃𝐸𝐵𝑉𝑄

. In other words, we looked for the optimal 180 

parameter set 𝜃̂ such as 

𝜃̂ = argmax
θ

 NSE [log (𝑄𝑠𝑖𝑚,𝐵𝑉𝑄
(𝜃)) , log (𝑄𝑜𝑏𝑠,𝐵𝑉𝑄

)]  (1) 

where 𝜃 is the 6-parameter set of GR6J (Pushpalatha et al., 2011), NSE is the Nash-Sutcliffe efficiency (Nash and 

Sutcliffe, 1970), 𝑄𝑠𝑖𝑚,𝐵𝑉𝑄
(𝜃) = GR6J (𝜃; 𝑃𝐵𝑉𝑄

, 𝑃𝐸𝐵𝑉𝑄
) is the simulated streamflow using the input precipitation 

𝑃𝐵𝑉𝑄
 and potential evapotranspiration 𝑃𝐸𝐵𝑉𝑄

 for the catchment drained by the streamflow station, and 𝑄𝑜𝑏𝑠,𝐵𝑉𝑄
 is 

the observed streamflow. This calibration has been done using the airGR R library (Coron et al., 2017, 2023). 185 

Obtained NSE values on log-transformed streamflow time series ranged from -0.36 to 0.91 (median at 0.77), with 

only one station having a score below 0.44. This station provides simulated streamflow for a 𝑇𝑤 station that is not 

part of the 21 test stations. 

5. We used the optimal set θ̂ to simulate the streamflow at the 𝑇𝑤 station: 

𝑄𝑠𝑖𝑚 = GR6J(𝜃̂; 𝑃, 𝑃𝐸)  (2) 
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where 𝑃  and 𝑃𝐸  are the daily time series of catchment-scale precipitation and potential evapotranspiration 190 

computed for the catchment drained by the 𝑇𝑤 station. 

Finally, we computed a set of static variables that we used to construct regionally trained LSTM models for 𝑇𝑤 (Table 1). 

These static variables were chosen to reflect catchment properties in terms of climate (aridity index, i.e., ratio of average 

potential evapotranspiration to average precipitation for the catchment), morphology (station elevation, median catchment 

elevation, catchment area), land use (percent of urban areas, forest cover, and agricultural areas), and soil (percent of sand, 195 

clay, and silt). This relatively small dataset covers a rather rich gradient of climatic and landscape characteristics, with cold 

thermal regimes and steep orographic gradients upstream vs. warm and mild slopes downstream (see Table 1 and Fig. 1). 

Note that some of these stations are located close to hydroelectric power plants or downstream of a retention pond, 

underlining a rich mixture of natural and anthropogenically impacted thermal regimes. 

Table 1: Summary of dynamic and static variables and their distributions across the catchment set. 200 

Name (unit) Static/dynamic Scale Data source Min Median Max 

𝑇𝑤: Daily stream temperature 

(°C) 

Dynamic Station Naiades, RSA, fishing federations 9a 11.3a 14.2a 

𝑇𝑎: Daily air temperature 

(°C) 

Dynamic Station SAFRAN (Vidal et al., 2010) 8.4b 11.8b 14.2b 

𝑇𝑎𝑚𝑥: Daily maximum air 

temperature (°C) 

Dynamic Station SAFRAN (Vidal et al., 2010) 12.8b 16.8b 18.2b 

𝑇𝑎𝑚𝑛: Daily minimum air 

temperature (°C) 

Dynamic Station SAFRAN (Vidal et al., 2010) 4.8b 7.5b 10.2b 

𝑃: Daily precipitation (mm) Dynamic Catchment COMEPHORE (Tabary et al., 2012) 793b 1130b 1280b 

𝑃𝐸: Daily potential 

evapotranspirationc (mm) 

Dynamic Catchment SAFRANc (Vidal et al., 2010) 491b 595b 778b 

𝑄𝑠𝑖𝑚: Daily simulated 

streamflow (mm) 

Dynamic Station/reach This study 64b 670b 988b 

Aridity indexd (-) Static  Catchment SAFRANc (Vidal et al., 2010) and 

COMEPHORE (Tabary et al., 2012) 

0.41 0.52 0.98 

Station elevation (m a.s.l.) Static Station/reach BD ALTI® (25 m ; 

https://geoservices.ign.fr/bdalti, last 

access: 14 July 2025) 

133 346 788 

Median catchment elevatione 

(m a.s.l.) 

Static Catchment BD ALTI® (25 m; 

https://geoservices.ign.fr/bdalti, last 

access: 14 July 2025) 

338e 1350e 1970e 

Catchment area (km2) Static Catchment This study 8 737 104 

Percentage of urban areasf 

(%) 

Static Catchment CORINE Land cover (100 m; 

https://land.copernicus.eu/en/produc

ts/corine-land-cover/, last access: 14 

July 2025) 

0 1 3 

Percentage of forest coverg 

(%) 

Static Catchment CORINE Land cover (100 m; 

https://land.copernicus.eu/en/produc

ts/corine-land-cover/, last access: 14 

July 2025)  

15 43 76 

Percentage of agricultural 

areash (%) 

Static Catchment CORINE Land cover (100 m; 

https://land.copernicus.eu/en/produc

ts/corine-land-cover/, last access: 14 

July 2025)  

0 14 83 

Sand contenti (%) Static Catchment Harmonized World Soil Database 

(version 2.0; FAO and IIASA, 

15 37 51 
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2023) 

Silt contenti (%) Static Catchment Harmonized World Soil Database 

(version 2.0; FAO and IIASA, 

2023) 

16 26 38 

Clay contenti(%) Static Catchment Harmonized World Soil Database 

(version 2.0; FAO and IIASA, 

2023) 

8 14 22 

aWe excluded the stations with short time series by computing these statistics using the 21 test stations only. 
bThese values represent long-term averages (1997-2022) in °C for temperature and in mm/year for precipitation/potential 

evapotranspiration. 
cWe estimated potential evapotranspiration using a temperature-based formula (Oudin et al., 2005). Air temperature was extracted from 

SAFRAN (resolution of 8 km). 
dAridity index was computed as the ratio of long-term catchment-average potential evapotranspiration to long-term catchment-average 

precipitation over the period 1997-2022. 
eWe got similar statistics using the more complete SRTM GL1 dataset (30-m resolution): 341 m, 1360 m, and 1970 m for min, median, 

and max values. 
fWe took the average over the years 1990 to 2018 of the proportion of the catchment occupied by the following CORINE land-cover 

classes: classes belonging to 1.1 (Urban fabric), 1.2.1 (Industrial or commercial units), and 1.2.2 (Road and rail networks and associated 

land). 
gWe took the average over the years 1990 to 2018 of the proportion of the catchment occupied by the CORINE land-cover classes under 

3.1 (Forest). 
hWe took the average over the years 1990 to 2018 of the proportion of the catchment occupied by the CORINE land-cover classes under 2 

(Agricultural areas). 
iWe took the average over the seven layers (0-20 cm, 20-40 cm, 40-60 cm, 60-80 cm, 80-100 cm, 100-150 cm, and 150-200 cm) using the 

hwsdr R package (Hufkens and Labs, 2023). 

 

3 Tested strategies to improve the performances of LSTM models over extreme stream temperature values 

3.1 Model structure 

Our choice of LSTM networks to implement a 𝑇𝑤 model is motivated by four main reasons: (1) They demonstrated state-of-

the-art performances across several catchments (Rahmani et al., 2021b); (2) They allow for incorporating static in addition to 205 

dynamic variables, which is suitable for regionalization (Kratzert et al., 2019; Rahmani et al., 2021a); (3) They are strong 

spatial extrapolators by performing better in a regionalization mode (Kratzert et al., 2024), which opens the way for 

reconstructing the missing records at ungauged locations; and (4) They are more flexible than process-based approaches in 

handling measurement uncertainties and accounting for anthropogenic influences by inferring the influenced 𝑇𝑤 behaviour 

directly from the measurements. 210 

We conducted a preliminary study in which we tested several hyperparameters to see their impact on the LSTM 

performances (not shown here). We concluded the following:  

• The LSTM performances were not significantly sensitive to the number of LSTM layers or the number of LSTM 

cells per layer. For this reason, we choose to test an LSTM model with only one layer composed of 128 LSTM 

cells, with a dropout rate at 0.4 to limit the risk of overfitting (Srivastava et al., 2014), and connected to the output 215 

layer (1 neuron) via a dense layer of 128 neurons activated using a linear function.  
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• The LSTM performances were sensitive to the lookback, which was expected due to the strong differences in 𝑇𝑤 

dynamics across our catchment set. For this reason, we chose to test three lookbacks (30, 90, 365) to accommodate 

for 𝑇𝑤  dynamics at the monthly, seasonal, and annual scales. Our strategy to choose the final best lookback is 

explained in Sect. 3.3. 220 

• The LSTM performances were not sensitive to the batch size, which we fixed at 64. In addition, we chose Adam 

(Kingma and Ba, 2017) as an optimizer with a fixed learning rate at 10-4. The maximum number of epochs was 

fixed at 10000. However, we implemented an early stopper that halted the training of the LSTM after 100 epochs 

with no decrease in MSE (mean squared errors) on the validation set by at least 0.001°C2. 

A detailed description of the LSTM equations can be found in Hashemi et al. (2022) or Kratzert et al. (2018). Our LSTM 225 

models were implemented and trained using classes and functions from the PyTorch library (Paszke et al., 2017) in a Python 

development environment (version 3.8). 

3.2 Strategies to improve the LSTM performances for extreme stream temperature values 

In this part, we summarize the strategies that we tested to look for the best approach to improve the LSTM performances at 

high 𝑇𝑤 values. These strategies include regional multi-catchment training, the inclusion of hydrologically relevant variables, 230 

and an adaptation of the loss function to increase the weight of high values in the training phase. 

3.2.1 Option 1: Regional training 

Due to its flexibility, an LSTM-based model has the ability to learn from a large space of thermal behaviours when trained in 

a regionalization mode, which may result in better performances for the range of extreme values (Kratzert et al., 2024). 

Moreover, it offers the possibility of using static, catchment attributes in addition to dynamic variables (see Sect. 3.2.2). In 235 

this regard, for each test station (21 in total), we compared two different sets of models:  

1. The set of local models trained using the first 70% of the available 𝑇𝑤  and their corresponding input, dynamic 

variables only at the station of interest. In this case, half of the remaining 𝑇𝑤 observations (i.e., 15% of the available 

records) were used for validation and the remaining records (i.e., 15% of the available records) were kept for test. 

2. The set of regional models trained using data from all the 37 stations. In this case, we constructed the training set by 240 

concatenating 70% of the available 𝑇𝑤 and their corresponding input variables from each station. The validation set 

was constructed using 15% of observations at the test stations (21/37) and the whole remaining 30% of observations 

at the non-test stations (16/37). Finally, the remaining 15% of observations at the test stations were used to test the 

regional models and compare their performances against the local models. 

Note that this methodological setup does not fully examine the LSTM capabilities in spatial extrapolation as done by 245 

Rahmani et al. (2021a). To achieve this would have required either holding a subset as pseudo-ungauged for testing, or 

adopting a leave-one-out approach (Jackson et al., 2018), and these two options are limited by the size of our catchment set 
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and the large number of tests that we already performed. However, our methodological setup will still indicate the extent to 

which the multi-catchment training helps the regionally trained LSTM models in learning from all the catchment behaviours 

at once and performing better than the locally trained ones, which is necessary (although not sufficient) for satisfactory 250 

spatial extrapolation performances. 

3.2.2 Option 2: Choice of the input variables 

The most basic 𝑇𝑤 models make use of the strong correlation between 𝑇𝑤 and air temperature (𝑇𝑎). Here, we quantify the 

added value of using catchment-scale hydrological variables especially for the simulation of high 𝑇𝑤 values. In addition, we 

examine the added value of catchment and reach attributes using the regionally trained LSTM models. In summary: 255 

1. We tested four sets of inputs for the local models (Table 2). Comparing models that use 𝑇𝑎 against those using 

𝑇𝑎𝑚𝑛 + 𝑇𝑎𝑚𝑥 as inputs will show whether there is any added value in using daily extreme air temperature values 

instead of the daily averages. The added value of hydrological variables will be evaluated by comparing models that 

use 𝑇𝑎𝑚𝑛 + 𝑇𝑎𝑚𝑥 + 𝑃 + 𝑃𝐸 and 𝑇𝑎𝑚𝑛 + 𝑇𝑎𝑚𝑥 + 𝑄𝑠𝑖𝑚 against those using 𝑇𝑎𝑚𝑛 + 𝑇𝑎𝑚𝑥. Finally, comparing 𝑇𝑎𝑚𝑛 +

𝑇𝑎𝑚𝑥 + 𝑃 + 𝑃𝐸 and 𝑇𝑎𝑚𝑛 + 𝑇𝑎𝑚𝑥 + 𝑄𝑠𝑖𝑚 will show whether the LSTM models are able of maintaining similar (or 260 

obtaining better) performances by exploiting the catchment-scale forcing (𝑃 + 𝑃𝐸) instead of the more relevant 

station-scale streamflow (𝑄𝑠𝑖𝑚). 

2. We tested seven sets of input variables for the regional models (Table 2). Four of the seven sets are the same sets of 

input variables that we used for the local models in order to measure the added value of regional, multi-catchment 

training. In addition, we tested three more sets that use catchment and reach attributes in addition to dynamic inputs 265 

(see Table 2). Comparing these sets with the ones using only the dynamic inputs will help us quantify the gain in 

accuracy brought by the static attributes. 

Note that each static attribute is provided to the LSTM model by simply repeating the same temporally fixed value over the 

whole period. For both sets of local and regional models, all the input data were standardized using moments (mean, 

standard deviation) computed on the training set. 270 

Table 2: Summary of tested local and regional models. “CatAttrs” refers to static, catchment and reach attributes (see Table 1). 

Training scale Input variables Models 

Local (single catchment) 

𝑇𝑎  𝑇𝑤 = LSTM(𝑇𝑎)  

𝑇𝑎𝑚𝑛 + 𝑇𝑎𝑚𝑥  𝑇𝑤 = LSTM(𝑇𝑎𝑚𝑛, 𝑇𝑎𝑚𝑥)  

𝑇𝑎𝑚𝑛 + 𝑇𝑎𝑚𝑥 + 𝑃 + 𝑃𝐸  𝑇𝑤 = LSTM(𝑇𝑎𝑚𝑛, 𝑇𝑎𝑚𝑥, 𝑃, 𝑃𝐸)  

𝑇𝑎𝑚𝑛 + 𝑇𝑎𝑚𝑥 + 𝑄𝑠𝑖𝑚  𝑇𝑤 = LSTM(𝑇𝑎𝑚𝑛, 𝑇𝑎𝑚𝑥, 𝑄𝑠𝑖𝑚)  

Regional (multi-catchment) 

𝑇𝑎  𝑇𝑤 = LSTM(𝑇𝑎)  

𝑇𝑎𝑚𝑛 + 𝑇𝑎𝑚𝑥  𝑇𝑤 = LSTM(𝑇𝑎𝑚𝑛, 𝑇𝑎𝑚𝑥)  

𝑇𝑎𝑚𝑛 + 𝑇𝑎𝑚𝑥 + 𝑃 + 𝑃𝐸  𝑇𝑤 = LSTM(𝑇𝑎𝑚𝑛, 𝑇𝑎𝑚𝑥, 𝑃, 𝑃𝐸)  

𝑇𝑎𝑚𝑛 + 𝑇𝑎𝑚𝑥 + 𝑄𝑠𝑖𝑚  𝑇𝑤 = LSTM(𝑇𝑎𝑚𝑛, 𝑇𝑎𝑚𝑥, 𝑄𝑠𝑖𝑚)  

𝑇𝑎𝑚𝑛 + 𝑇𝑎𝑚𝑥 + 𝐶𝑎𝑡𝐴𝑡𝑡𝑟𝑠  𝑇𝑤 = LSTM(𝑇𝑎𝑚𝑛, 𝑇𝑎𝑚𝑥, 𝐶𝑎𝑡𝐴𝑡𝑡𝑟𝑠)  

𝑇𝑎𝑚𝑛 + 𝑇𝑎𝑚𝑥 + 𝑃 + 𝑃𝐸 + 𝐶𝑎𝑡𝐴𝑡𝑡𝑟𝑠  𝑇𝑤 = LSTM(𝑇𝑎𝑚𝑛, 𝑇𝑎𝑚𝑥, 𝑃, 𝑃𝐸, 𝐶𝑎𝑡𝐴𝑡𝑡𝑟𝑠)  

𝑇𝑎𝑚𝑛 + 𝑇𝑎𝑚𝑥 + 𝑄𝑠𝑖𝑚 + 𝐶𝑎𝑡𝐴𝑡𝑡𝑟𝑠  𝑇𝑤 = LSTM(𝑇𝑎𝑚𝑛, 𝑇𝑎𝑚𝑥, 𝑄𝑠𝑖𝑚, 𝐶𝑎𝑡𝐴𝑡𝑡𝑟𝑠)  
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3.2.3 Option 3: Adaptation of the loss function 

To improve the performances of the LSTM model for a specific range of the target variable, a potential strategy consists in 

emphasizing the model errors on the range of interest by increasing their weight in the loss function. This is a common 

strategy for example in the calibration of hydrological models (Garcia et al., 2017; Pushpalatha et al., 2012; Saadi and 275 

Furusho-Percot, 2024). We thus tested 18 loss functions that share the following general expression: 

ℒ(𝑇𝑤,𝑠𝑖𝑚 , 𝑇𝑤,𝑜𝑏𝑠) =
∑ |𝑔(𝑇𝑤,𝑜𝑏𝑠,𝑡)

𝜇
−𝑔(𝑇𝑤,𝑠𝑖𝑚,𝑡)

𝜇
|
𝜆

𝑡

∑ |𝑔(𝑇𝑤,𝑜𝑏𝑠,𝑡)
𝜇

−𝑔(𝑇𝑤,𝑜𝑏𝑠)
𝜇̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

|
𝜆

𝑡

  (3) 

where 𝑇𝑤,𝑠𝑖𝑚,𝑡 , 𝑇𝑤,𝑜𝑏𝑠,𝑡  are the simulated and the 𝑇𝑤 observed values at the time step 𝑡 , 𝑔(𝑇𝑤,𝑠𝑖𝑚,𝑡), 𝑔(𝑇𝑤,𝑜𝑏𝑠,𝑡)  their 

transformed values using the function 𝑔, and 𝜇, 𝜆 are hyperparameters. The denominator in the loss function of Eq. (3) 

standardizes the values of the loss function by comparing the performances of the LSTM model to a “dummy” model that 

predicts the average value of the transformed observations 𝑔(𝑇𝑤,𝑜𝑏𝑠)
𝜇̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

 for all the time steps. We tested all the possible 280 

combinations from the following configurations:  

• Three values for 𝜇: 1, 3, and 5;  

• Three values for λ: 𝜆 = 2, which corresponds to using MSE as a metric; 𝜆 = 1 which corresponds to MAE (mean 

absolute errors); and 𝜆 = 4, which we refer to by M4E (mean errors to the power 4); 

• Two functions for 𝑔: 𝑔(𝑇) = 𝑇  (no standardized target) and 𝑔(𝑇) =
𝑇−𝑚

𝜎
 (standardized target), where 𝑚  and 𝜎 285 

correspond to the mean and the standard deviation of the observed 𝑇𝑤 values computed on the training set. 

Emphasizing the weight of high 𝑇𝑤 values in the loss function can be achieved by increasing the values of 𝜆, 𝜇, and 

avoiding standardization (𝑔(𝑇) = 𝑇). Note that the commonly chosen loss function (hereafter, the “reference” loss function) 

corresponds to 𝜇 = 1, 𝜆 = 2 (MSE) and 𝑔(𝑇) =
𝑇−𝑚

𝜎
. 

3.3 Evaluation framework 290 

We repeated each training configuration (local vs. regional training, input variables, loss functions) three times 

corresponding to each of the three lookback values (30, 90, and 365). We kept only the lookback value that provided the 

lowest MSE on the validation set. Thus, we will evaluate a total of 4 × 18 = 72 local models and 7 × 18 = 126 regional 

models on each of the 21 test stations. To this aim, we computed the mean absolute error MAE (in °C) between the 

predictions of each model and the observed values during the test period. We computed the MAE score first on the whole 295 

test period, then on a restricted period during which observed 𝑇𝑤 exceeded the 90th percentile, which corresponds to the 10% 

highest 𝑇𝑤 values observed during the test period. 

To evaluate the statistical significance of the differences between two options, say A and B, we applied a one-sided 

binomial test according to which the null hypothesis is “the proportion of cases where the option B outperforms the option A 

is lower than or equal to 50%” (Redfern et al., 2016; Saadi et al., 2021). Here, “outperforms” means scoring lower MAE 300 
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values on the test period. We rejected the null hypothesis when option B scores better performances than A for a sufficiently 

high number of cases that is defined by the threshold of significance. For example, if the total number of cases is 21 (as 21 

stations), we rejected the null hypothesis at the significance level of 5% (resp. of 1%) when option B outperformed option A 

in more than 15/21 cases (resp. 18/21 cases), in which case we concluded that the use of option B brought statistically 

significant improvements compared to option A. 305 

4 Results 

In this section, we first show the added value of changing the loss function (Sect. 4.1). Then, we show the performances of 

the local models (Sect. 4.2). Finally, we show the performances of the regionally trained models and the added value of 

using static, catchment and reach attributes (Sect. 4.3). For information, statistics for the wall-clock time needed to train the 

LSTM models are given in Table A1 (see Appendix A). 310 

4.1 Effect of the loss function 

Unexpectedly, increasing the weight of high 𝑇𝑤 values in the loss function deteriorated the performances not only for the 

reproduction of extreme 𝑇𝑤 values (top 10%), but also for the reproduction of the whole range of 𝑇𝑤 observations (Fig. 2). In 

detail: 

• The best performances over the whole period were systematically obtained using MAE (with or without 315 

standardization) as a loss function in the training: median test MAE reached 0.72°C for the local models (all 

configurations of input variables combined, Fig. 2a) and 0.77°C for the regionally trained models (Fig. 2b). In 

comparison to the reference loss function (MSE on standardized target), these improvements with MAE as a loss 

function were statistically significant only in the case of locally trained models. 

• Compared to the whole-range performances, model performances were systematically lower on the top 10% range. 320 

For this range, the best median performances were obtained using MAE with standardization for the local models 

(1.07°C, Fig. 2a) or using MSE without standardization for the regional models (0.98°C, Fig. 2b). However, these 

improvements were not statistically significant at the 5%-level in comparison with the reference loss function (MSE 

with standardized target). 
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 325 

Figure 2: Median test performances of the local models (a) and the regional models (b) according to the loss function used for 

training. Colours indicate the proportion of cases for which the use of the loss function yielded better results than the reference 

loss function (MSE with standardization, shown in magenta). Asterisks indicate that the custom loss function is significantly better 

than the reference loss function according to the binomial test: * for a significance threshold of 5%, ** for a threshold of 1%, and 

*** for a threshold of 0.1%. 330 

4.2 Performances of the local models 

Using catchment-scale atmospheric forcing (precipitation and potential evapotranspiration) in addition to station-scale 

atmospheric forcing led to the best results with the local models (Fig. 3). More specifically:  

• Over the whole period, the best median performances were obtained with 𝑇𝑎𝑚𝑛 + 𝑇𝑎𝑚𝑥 + 𝑃 + 𝑃𝐸 as input variables 

(median MAE at 0.65°C, MAE without standardization as a training loss function). Over the top 10% range, the 335 

best median performances were also obtained with 𝑇𝑎𝑚𝑛 + 𝑇𝑎𝑚𝑥 + 𝑃 + 𝑃𝐸  as input variables (median MAE at 

0.95°C, MAE with standardization as a loss function). 

• The use of the daily min/max air temperature (𝑇𝑎𝑚𝑛 + 𝑇𝑎𝑚𝑥) instead of daily average air temperature (𝑇𝑎) did not 

result in significantly better performances according to the binomial test. 

• The use of the hydrological variables (𝑃 + 𝑃𝐸 or 𝑄𝑠𝑖𝑚) always led to better results than using only station-scale air 340 

temperature (𝑇𝑎𝑚𝑛 + 𝑇𝑎𝑚𝑥), especially over the top 10% range. However, these improvements were not always 

statistically significant. 
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• The use of simulated streamflow (𝑄𝑠𝑖𝑚) instead of catchment-scale atmospheric forcing (𝑃 + 𝑃𝐸) led to comparable 

performances both over the whole range and over the top 10% range, suggesting the similarity of catchment-scale 

forcing or station-scale simulated streamflow in terms of the information content extracted by the LSTM models. 345 

 

Figure 3: Distributions of the test performances (MAE, in °C) of the local models over the whole test period (left column) and the 

period corresponding to the highest 10% observed values (right column). The top row shows the distribution across all the loss 

functions (18 × 21 = 378 points per distribution). The middle row shows the performances for the reference loss function (MSE 

with standardization, 21 points per distribution). The bottom row shows the performances for the best loss function (MAE without 350 
standardization for the whole period and MAE with standardization for the top 10%, 21 points per distribution). Numerical 

values under the boxes represent the median value for each distribution. Letters under the numerical values rank the 

distributions, and are defined such as distributions that share at least one letter are not significantly different according to the 

binomial test. 

4.3 Performances of the regional models 355 

The use of static, catchment and reach attributes led to the best performances over both the whole test period and on the top 

10% range (Fig. 4). More specifically:  
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• Over the test whole period, the best performances were obtained by exploiting catchment-scale atmospheric forcing 

( 𝑃 + 𝑃𝐸 ) in addition to static attributes (median MAE at 0.56-0.57°C). Over the top 10% range, the best 

performances (median MAE at 0.73-0.74°C) were obtained by the models that exploited either the catchment-scale 360 

atmospheric forcing (𝑃 + 𝑃𝐸) or the simulated streamflow (𝑄𝑠𝑖𝑚) depending on the loss function used for training. 

• In general, simply training the LSTM at the regional scale led to deteriorated median performances, as can be seen 

by comparing regionally trained models without static attributes with their counterparts in Fig. 3 (all loss functions 

and reference loss function). 

• The improvements brought by using the static attributes were almost always statistically significant according to the 365 

binomial test. Exceptions are limited to some performance distributions over the top 10% range (namely, models 

taking as inputs 𝑇𝑎𝑚𝑛 + 𝑇𝑎𝑚𝑥 with vs. without static attributes with the reference loss function, and models taking 

as inputs 𝑇𝑎𝑚𝑛 + 𝑇𝑎𝑚𝑥 + 𝑃 + 𝑃𝐸 with vs. without static attributes with the best loss function; see Fig. 4). 

 

Figure 4: Distributions of the test performances (MAE, in °C) of the regionally trained models over the whole test period (left 370 
column) and the period corresponding to the highest 10% observed values (right column). Top row shows the distribution across 
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all the loss functions (18 × 21 = 378 points per distribution). The middle row shows the performances across the reference loss 

function (MSE with standardization, 21 points per distribution). The bottom row shows the performances with the best loss 

function (MAE with standardization for the whole period and MSE without standardization for the top 10%, 21 points per 

distribution). Numerical values under the boxes represent the median value for each distribution. Letters under the numerical 375 
values rank the distributions, and are defined such as distributions that share at least one letter are not significantly different 

according to the binomial test. 

To illustrate the improvements brought by the static attributes for regionally trained models, an example of model 

simulations is shown in Fig. 5 for the Garonne at Valentine (𝑇𝑤 data provided by MIGADO). This station is located at an 

altitude of 360 m, and drains a catchment area of 2260 km2 and the median altitude of the catchment is at 1390 m. The 𝑇𝑤 380 

observations for this station range between 2°C and 21°C over the whole period of measurements (2007-2021), which a 90% 

quantile at 17.8°C. Regionally trained models with only dynamic variables as inputs produced satisfactory results over the 

whole period (MAE at 0.74-0.86°C, Fig. 5a) with a slight improvement thanks to the catchment-scale climatic inputs, but a 

significant degradation of model performances can be noticed over the top 10% (MAE at 1.18-1.34°C, Fig. 5c). The use of 

static attributes improved the performances not only over the whole period (MAE down to 0.48°C, Fig. 5b), but also over the 385 

highest 10% values (MAE down to 0.48°C, Fig. 5d). 

 

Figure 5: Example of model simulations using LSTM models against observations at the station of the Garonne at Valentine 

(MIGADO). All models are regionally trained. The two top figures (a and b) show the model simulations and performances (MAE, 

in °C) over the whole test period, and the two bottom figures (c and d) zoom in on the highest 10% of the observations during the 390 
test period. Input variables include station-scale daily minimum and maximum air temperatures (Tamn+Tamx) in addition to 
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catchment-scale precipitation and potential evapotranspiration (P+PE). Models that use static attributes among input variables 

are shown on the right (a and c), while models that use only dynamic variables are shown on the left (b and d). 

5 Discussion 

To our knowledge, very few studies focused on model performances over periods with extreme or high 𝑇𝑤 values (a very 395 

close example can be found in Jackson et al., 2018). Our results show that exploiting the static, catchment and reach 

attributes in addition to dynamic inputs is the best strategy to improve the LSTM performances over the highest 10% values 

as well as for the whole range of 𝑇𝑤  observations (Fig. 4). For example, with the traditional loss function (MSE with 

standardization), this strategy brought the median MAE performances over the highest 10% range from 1.29°C with only air 

temperature (𝑇𝑎, Fig. 3) as input down to 0.74°C with the additional use of catchment-scale forcing and static attributes (Fig. 400 

4). These performances are still slightly worse than the whole-period performances by about 0.2°C on average, highlighting 

the challenge of simulating extreme values with the LSTM models. The better performances reached with using regionally 

trained LSTM models confirm their strong capability in learning from a diversity of behaviours (Kratzert et al., 2024) but 

only if static attributes are provided (see the differences between Fig. 3 and Fig. 4), highlighting the importance of catchment 

and reach specificities in controlling the thermal regimes (Jackson et al., 2018; Wade et al., 2023). 405 

The obtained performances over the whole period are comparable with previous studies that used LSTM-based models. 

To set a comparison framework, we also evaluated our LSTM models using RMSE over the test period (see Figs. B1 and B2 

in Appendix B). The best median values that we obtained reached 0.72-0.73°C for the whole period thanks to regional 

training with catchment attributes. These values are comparable to those obtained by Rahmani et al. (2021b), who reached a 

median RMSE of 0.69°C thanks to more catchment and reach attributes (up to 21 static attributes against 10 in this study) 410 

and access to observations of streamflow at the 𝑇𝑤 stations. In addition, our results are better than those obtained by Topp et 

al. (2023), who attempted at a spatiotemporal extrapolation of 𝑇𝑤  regimes by testing more sophisticated deep-learning 

architectures that exploited both spatial and temporal information (RMSE of about 1.64°C). However, our results are still far 

away from those reported by Feigl et al. (2021), who compared several machine-learning and deep-learning techniques for 

ten Austrian catchments and obtained an average RMSE of 0.554°C. Their better performances can be attributed either to 415 

their methodological setup, in which they also optimized the model structure and the regression technique, or the use of 

additional features that explicitly encoded seasonality (such as the month of the year). In our study, we limited our analysis 

to the best overall deep-learning method over a larger sample of catchments following Rahmani et al. (2021b), and we did 

not apply feature engineering so that we could quantify the upper limit of performances that could be reached with only 

variables that are explicitly linkable to 𝑇𝑤. However, none of the previous studies evaluated the performances for the range 420 

of high 𝑇𝑤. We found that the best RMSE values at the top-10% range were at 0.88°C-0.89°C, which is worse by ~0.16°C on 

average compared to the whole-period evaluation. 

We tested several loss functions to see whether increasing the weight of high 𝑇𝑤 values could result in better 

performances for the top 10% range, following previous works in process-based environmental modelling (see e. g. Jadon et 
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al., 2024; Thirel et al., 2024). Our results indicate that this is actually detrimental not only to the reproduction of extreme 425 

values, but also to the reproduction of the overall thermal response. This is perhaps due to the fact that some of our tested 

loss functions put too much emphasis on errors over large 𝑇𝑤 values, thus limiting the information content that the LSTM 

models were able to extract from the whole range of observations. Conversely, our results show that it is (slightly) better to 

use MAE-based loss functions instead of MSE-based ones especially for the reproduction of the overall thermal regime. 

Nonetheless, we could not obtain statistically significant improvements over the top 10% range following this strategy, 430 

which suggests that using the reference loss function (MSE on standardized target) is not a bad choice after all for the 

simulation of extreme 𝑇𝑤 values. 

Our work can be further improved by addressing some of its limitations. First, our catchment set could be enriched by 

looking at more catchments with contrasting regional settings, which would shed more light on the regionalization 

capabilities of LSTM models (see the discussion in Hashemi et al., 2022). Second, better input features can be used to 435 

construct more robust LSTM models, by explicitly embedding of the month/season of the year (as in Feigl et al., 2021), 

better streamflow simulations using distributed hydrological models and/or deep-learning techniques (Rahmani et al., 2021b; 

Seyedhashemi et al., 2023), and other dynamic variables that can reflect changes in landscape and reach-scale anthropogenic 

influences, namely riparian vegetation and storage facilities (Jackson et al., 2018; Seyedhashemi et al., 2021, 2023). 

Specifically, streamflow simulations could be enhanced by accounting for snow dynamics, which strongly control thermal 440 

regimes especially at headwater locations (Wade et al., 2023). Finally, our tests of the loss functions are still exploratory at 

this stage, and fully analysing the potential of this strategy in improving the learning process of LSTM networks for extreme 

values can include better optimization hyperparameters (e.g., scheduling of the learning rate), training the LSTM on the 

whole range and then finetuning it on the target range, or designing a custom loss function that is a weighted sum of losses 

on the whole range and losses on the target range. 445 

6 Conclusion and future research directions 

We tested several strategies to improve the performances of LSTM-based thermal models for the specific task of 

reproducing high 𝑇𝑤  values (top 10%). Our tests over a sample of 21 stations in the Garonne river catchment showed that: 

1. Regionally training the LSTM model with input features that include static attributes is the best strategy to get a 

satisfactory reproduction of not only high 𝑇𝑤 values but also the whole thermal regime. 450 

2. The added value of emphasizing model errors at extreme 𝑇𝑤 values in the loss function used for training is limited 

compared to the added value of regional, multi-catchment training. However, some improvements can be obtained 

by using MAE as a loss function (with or without standardization of the target variable) compared to the traditional 

quadratic loss functions (MSE or NSE). 

Future research includes a ranking of local, reach attributes and regional, catchment attributes by quantifying their 455 

importance in controlling stream temperature. This will inform management and adaptation strategies by indicating the scale 
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(local or regional) at which they should be implemented. Furthermore, coupling a thermal model with a hydrological model 

is a promising way for a better, joint reproduction of streamflow and stream temperature dynamics. This coupling will raise 

the more general question of the best coupling strategy (fully process-based, hybrid, or fully data-driven as in Rahmani et al., 

2021b) in terms of both model performances, model interpretability, and extrapolation capabilities. It will not only benefit 460 

thermal models but also the characterization of hydrological response thanks to the joint data assimilation of both 𝑇𝑤 and 

streamflow observations. 

Appendix A: Training time 

Statistics of the wall-clock time spent to train each one of the LSTM models are summarized in Table A1. We trained a total 

of 4536 local models (18 loss functions, 4 input variables, 3 lookbacks, and 21 stations) and 378 regional models (18 loss 465 

functions, 7 input variables, 3 lookbacks) on three computing units with distinct CPU cores (Intel® Xeon® W-2265 with 

base frequency at 3.5 GHz, Intel® Xeon® W3-2425 with base frequency at 3.0 GHz, and Intel® Xeon® Silver 4216 with 

base frequency at 2.1 GHz). At each computing unit, we set the number of threads dedicated to each model training at 7. 

Note that the training was halted once a plateau in the validation performances was reached (100 epochs without a decrease 

in MSE by 0.001°C2). Table A1 shows that the training time increases at the first order with the lookback and the amount of 470 

data used for training (local vs. regional training). Training a local model takes ~3 min on average for a lookback of 30 days 

up to ~45 min on average for a lookback of 365 days. Training a regional model takes ~45 min on average for a lookback of 

30 days and up to ~12 h for a lookback of 365 days. 

Table A1: Statistics of the wall-clock time (in min) needed for the training of the local and regional LSTM models. The number of 

models from which the statistics were calculated is specified between brackets for each training strategy and each lookback. 475 

Local/regional Lookback 5th percentile Median 95th percentile 

Locally trained models 

(4536) 

30 (1512 models) 1 3 10 

90 (1512 models) 4 10 45 

365 (1512 models) 15 43 600 

Regionally trained 

models (378) 

30 (126 models) 17 45 94 

90 (126 models) 62 159 366 

365 (126 models) 256 681 1621 

 

Appendix B: Test performances using RMSE 

To compare our results with previous studies (e.g., Rahmani et al., 2021b), we also evaluated the test performances using 

RMSE as a criterion. Figures B1 and B2 show the performances of the locally trained (Fig. B1) and the regionally trained 

(Fig. B2) LSTM models, which are duplicates of Figs. 3 and 4. They confirm the importance of regional training with 480 

catchment attributes in improving the LSTM performances especially for the range of extreme (top 10%) 𝑇𝑤 values. 
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Figure B1: Distributions of the test performances (RMSE, in °C) of the local models over the whole test period (left column) and 

the period corresponding to the highest 10% observed values (right column). The top row shows the distribution across all the loss 

functions (18 × 21 = 378 points per distribution). The middle row shows the performances for the reference loss function (MSE 485 
with standardization, 21 points per distribution). The bottom row shows the performances for the best loss function (MAE without 

standardization for the whole period and M4E with standardization for the top 10%, 21 points per distribution). Numerical values 

under the boxes represent the median value for each distribution. Letters under the numerical values rank the distributions, and 

are defined such as distributions that share at least one letter are not significantly different according to the binomial test. 
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 490 

Figure B2: Distributions of the test performances (RMSE, in °C) of the regionally trained models over the whole test period (left 

column) and the period corresponding to the highest 10% observed values (right column). Top row shows the distribution across 

all the loss functions (18 × 21 = 378 points per distribution). The middle row shows the performances across the reference loss 

function (MSE with standardization, 21 points per distribution). The bottom row shows the performances with the best loss 

function (MSE without standardization for both cases). Numerical values under the boxes represent the median value for each 495 
distribution. Letters under the numerical values rank the distributions, and are defined such as distributions that share at least 

one letter are not significantly different according to the binomial test. 

Code and data availability 

Python scripts used to train the LSTM models, the obtained performances of all tested LSTM models, as well as processed 

data for a subset of our catchment dataset can be downloaded from https://www.doi.org/10.5281/zenodo.15864784 (Saadi, 500 

2025). Additional R and python libraries that we used were mentioned in the text, and links to download the publicly 

available datasets were provided in Table 1. Any questions regarding the code or the data can be addressed to the 

corresponding author (mohamed.saadi@toulouse-inp.fr). 
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