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Abstract. This study proposes a novel hybrid method that substantially accelerates and improves deep learning (DL) model 

development for streamflow prediction. The method leverages a combination of a long short-term memory (LSTM) network 

and random forests. A hybrid encoder-decoder model is designed, where a pre-trained LSTM is utilized as an encoder to extract 

temporal features from the input data. Subsequently, the random forest decoder processes the encoded information to make 

streamflow predictions. Our method was tested on 421 catchments in the continental United States and 324 in Germany, both 15 

selected from two CAMELS datasets. The hybrid method has several benefits. First, it is much more efficient and robust than 

training LSTMs on each catchment individually (~14x faster). Second, it is much less computationally expensive than LSTM 

fine-tuning (i.e., feasible on a CPU-based workstation). Third, it achieves superior accuracy compared to a catchment-wise 

training strategy (e.g., 9.2% improvement in the median in Nash-Sutcliffe Efficiency (NSE)), shows competitive performance 

compared to regional LSTM models when trained with fewer data, and through fine-tuning, improves regional LSTM 20 

performance in out-of-training samples by 13.13% (median NSE). To our knowledge, this is the first decision-tree model 

integrated within a DL workflow to enhance fine-tuning efficiency of pre-trained models in new locations. This hybrid 

approach holds significant promise for future applications in hydrological modeling, particularly considering the imminent 

rise of geospatial foundation models in hydrology that will rely on transfer learning techniques for effective deployment. 

1 Introduction 25 

Accurate hydrological prediction is necessary for reliable water resource management. The efficacy of deep learning (DL) 

models for hydrological prediction, especially long short-term memory (LSTM) networks (Hochreiter and Schmidhuber, 

1997), is well established. Previous work has shown that LSTM models outperform conceptual hydrological models in 

streamflow prediction (e.g., Kratzert et al., 2018). Unlike process-based models, which rely on differential and linear equations 

to model underlying physical processes (Xie et al., 2021), DL models function as conditional estimators, mapping input 30 

variables to target variables without explicitly considering the governing equations of the modeled system (Feng et al., 2022; 

Jahangir et al., 2023).  
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The success of LSTM models in hydrological prediction is primarily attributed to two key factors. First, LSTM cells 

effectively represent multi-timescale temporal dynamics through feedback connections (Elman, 1990), making them well-

suited for processing hydrological series (Jahangir et al., 2023). Second, the encoder-decoder (ED) structure of the model – in 35 

which past hydrometeorological data are encoded using the LSTM cell and decoded using linear (Kratzert et al., 2018) or non-

linear (Yin et al., 2021) layers - can effectively process the non-linear relationships between input and output series (Cui et al., 

2022; Jahangir and Quilty, 2024).  

Previous studies have emphasized the benefits of training regional LSTM models for hydrological prediction (e.g., Feng et 

al., 2020; Kratzert et al., 2024, 2019). Rather than developing a separate model for each catchment, a single LSTM is trained 40 

on all catchments of interest, allowing it to generalize across diverse hydrologic conditions. When adequately trained on data 

from diverse catchments, these models can accurately predict a broad spectrum of hydrological processes (Kratzert et al., 

2024). While diverging from traditional, catchment-wise hydrologic modeling, this top-down approach aligns with DL model 

development practices in other fields (Brown et al., 2020).  

Although regional LSTMs outperform conceptual and catchment-wise strategies regarding prediction accuracy, this 45 

increased effectiveness comes with costs. High data requirements, computational demands of model optimization, and the 

need for specialized expertise create barriers, particularly for practitioners without DL training or access to high-performance 

computing (HPC). Lacking large-scale GPUs, cloud infrastructure, or technical expertise, many struggle to develop and deploy 

DL models tailored to local hydrological conditions.  

The high computational burden of model training also limits thorough hyperparameter optimization and the development 50 

of multiple regional DL models for sensitivity analysis, scenario evaluation, or improved prediction. For example, while 

ensemble modeling consistently excels in forecasting (Bojer and Meldgaard, 2021), it remains impractical for most 

practitioners due to resource constraints. Even universities often lack the computing power needed for the most advanced 

models forwarded by major technology companies, widening the gap in DL adoption.  

As a result, despite their demonstrated efficacy, regional LSTM models see limited real-world application, with many 55 

practitioners defaulting to legacy models and catchment-wise training strategies (Kratzert et al., 2024), either by choice or by 

necessity. Water managers typically prioritize localized predictions over broad-scale generalizable, further challenging DL 

integration into operational hydrology. This disparity underscores a critical challenge: while DL-based hydrologic models 

continue to advance, their practical use remains constrained by data availability, expertise gaps, and computational limitations, 

reinforcing the need for more accessible, efficient solutions. 60 

One approach to tackle this problem is transfer learning (TL; Pan and Yang, 2010). The general concept in TL is to speed 

up the learning procedure by extracting meaningful representations from the relevant source domain(s) and transferring this 

knowledge to the target domain. By leveraging existing knowledge rather than starting from scratch, TL reduces a DL model’s 

dependency on large training datasets (Zhao et al., 2024). It also can enhance model generalization, mainly when the target 

domain data is limited (e.g., streamflow in poorly gauged regions, water quality, edge-of-field runoff).  65 
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Transfer learning can encompass both zero-shot prediction tasks, such as prediction in ungauged basins (PUB; Arsenault 

et al., 2023; Fang et al., 2024; Nearing et al., 2024), and few-shot learning, where the source model is modified and fine-tuned 

for a new task or dataset (Hu et al., 2016; Niu et al., 2020; Zhao et al., 2024). The latter is beneficial when applying DL 

hydrologic models in poorly gauged regions or for individual sites not included in the source training set. This was first 

demonstrated by Ma et al. (2021), which showed that an LSTM trained regionally on catchments within the continental United 70 

States (CONUS) could be effectively transferred to and fine-tuned for regions in China, Chile, and the United Kingdom. Their 

work showed that performance generally increased with additional data for both initial training and fine-tuning, and that the 

source data used for regional model training substantially impacted the best fine-tuning strategy. Khoshkalam et al. (2023) 

showed the effectiveness of DL-based TL for hydrological prediction in snow-dominated catchments by fine-tuning a 

regionally trained LSTM for CONUS on data from watersheds in southern Quebec, Canada. Their results suggested that 75 

applying TL with consistent hydrometeorological data across the source and target datasets resulted in more reliable and 

satisfactory results. TL efficacy has also been shown for Alpine regions, where a regional LSTM model trained on data from 

CONUS was fine-tuned for four catchments around the Tibetan Plateau (Yao et al., 2023). Recently, Khoshkalam et al. (2025) 

demonstrated the benefits of data integration (using past lags of streamflow) and catchment clustering for TL.  

Although the current study shares similarities with prior research on DL-based TL for hydrological prediction in gauged 80 

catchments, it approaches the problem differently. Here, the focus is on exploring a novel method to reduce TL’s computational 

costs, improve accessibility, and increase regional model performance. This study contributes two key TL advances in DL-

based hydrologic modeling:  

(a) Proposing a novel hybrid TL approach that integrates a regional LSTM with a random forest (RF) model for efficient 

TL and fine-tuning, particularly in cases where limited computational resources or insufficient data make training regional 85 

models across hundreds of catchments impractical; and  

(b) Evaluating the potential of the hybrid approach as a complementary tool to large sample regional hydrological 

prediction.  

This research analyzes the hybrid approach and two other fine-tuning strategies for large sample hydrological prediction 

and investigates their effectiveness on two benchmark datasets: CAMELS-US (Addor et al., 2017) and CAMELS-DE (Loritz 90 

et al., 2024). Our results show that the hybrid approach is an efficient and practical modeling method for hydrological 

prediction that is accessible to all water resources practitioners. We emphasize that this work does not advocate abandoning 

regional DL model development for hydrology. Rather, it tries to develop strategies that hydrologists and water resource 

practitioners can use to leverage emerging DL-based hydrologic modeling, including geo-foundation models (Xie et al., 2023), 

for single-catchment applications that are both efficient and accessible.  95 

The rest of the paper is organized as follows: Section 2 provides an overview of the dataset used for model development. 

Section 3 outlines the hybrid TL development strategy and details the evaluation metrics. Section 4 presents and discusses the 

results and explains research limitations. Section 5 concludes the paper, and directions for future research are presented. 
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2 Dataset and Case Studies 

Two case studies were adopted for model development and benchmarking. In the first case study, we used 421 catchments 100 

from CAMELS-US (Addor et al. (2017)). In the second case study, we used 324 catchments from CAMELS-DE (Loritz et al. 

(2024)). The data and selection criteria for each case study are described below in subsections.  

2.1 CAMELS-US 

The CAMELS-US dataset encompasses 671 catchments in the CONUS with minimal human interference. These 

catchments are categorized into 18, 2-digit hydrological units (HUCs) based on the U.S. Geological Survey categorization. 105 

Daymet (Thornton et al., 2014) meteorological variables, including precipitation (mm/day), maximum and minimum air 

temperature (°C), shortwave downward radiation (wat/m2), and vapor pressure (pa), were used as input. 

Two criteria were used to select catchments for model development and evaluation. The first criterion excluded catchments 

with consecutive missing values in the streamflow records to avoid the need for imputing large data gaps. The second criterion 

excluded catchments with fewer than 10,000 records, as the study compares TL with both catchment-wise and regional model 110 

development approaches. Applying these criteria resulted in 421 catchments for model development and evaluation (see Figure 

1(a)). The list of the selected catchments is provided in supplementary information (SI, Table S1). We used specific discharge 

(mm/day) values taken from Caravan (Kratzert, 2023). The final selected dataset spanned from June 1984 to December 2012. 

The dataset was divided into three subsets: training (76.5%), validation (8.5%), and testing (15%). The training and validation 

subsets, comprising the first 85% of the records, covered the period from June 6, 1984, to November 24, 2007. The testing 115 

subset, representing the final 15% of the data, covered the period from November 25, 2007, to January 15, 2012. The validation 

set was used for hyperparameter selection and early stopping (see Section 3 for details). The test set, unseen by the DL models 

during training and validation, was employed for performance evaluation.  

2.2 CAMELS-DE 

CAMELS-DE comprises data from 1,555 streamflow catchments across Germany, offering hydrometeorological time-120 

series spanning up to 70 years from January 1951 to December 2020 (median length of 46 years; minimum of 10 years). The 

dataset contains catchments with areas ranging from 5 to 15,000 km² and contains several attributes, including soil 

characteristics, land cover, hydrogeologic properties, and information on human influences (Loritz et al., 2024). The dataset 

also provides simulation results from a regionally trained LSTM network trained to all 1,555 sites, which we used as a 

benchmark for evaluating the hybrid method (Loritz et al., 2024). For this analysis, we selected 324 catchments with no missing 125 

value (see Table S2 and Figure 1(b)) and utilized the same input features as the regional LSTM model from CAMELS-DE: 

mean precipitation (mm/day), precipitation standard deviation (mm/day), mean radiation (wat/m2), and mean minimum and 

maximum temperature (°C). Specific discharge (mm/day) serves as the target variable. The period from October 1, 1970, to 
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December 31, 1999, is used as training, while October 1, 1965, to September 30, 1970, and January 1, 2001, to December 31, 

2020, are used for validation and testing, respectively (please see Loritz et al. (2024) for details).  130 

 

 

 

Figure 1: The selected gauges associated with catchments in (a) CAMELS-US (421) and (b) CAMELS-DE (324). 

3 Methodology 135 

In this section, we first present the formulation of the LSTM model, followed by the details of implementing the TL methods. 

Finally, we outline the evaluation metrics used in this study. While LSTM is a well-established approach for hydrological 

prediction, and its formulation has been extensively detailed in prior literature, we provide it here to establish the foundation 

for our hybrid TL methodology.  

3.1 Long Short-Term Memory Network 140 

LSTM networks, introduced by Hochreiter and Schmidhuber (1997) in the late 1990s, were designed to overcome the 

challenges of vanishing and exploding gradients faced by recurrent neural networks (RNNs) when processing long data 

sequences. These gradient issues, which stem from either the rapid decay or exponential growth of gradients during 

backpropagation, hinder the ability of RNNs to capture long-term dependencies. LSTMs mitigate this problem by 

incorporating internal memory cells and gating mechanisms, enabling the selective retention or dismissal of information over 145 
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prolonged timesteps. The formulation of an LSTM cell associated with timestep t (see Figure 2) is as follows (Kratzert et al., 

2019): 

𝐢t = sigmoid(𝐖i𝐗
t + 𝐔i𝐡

t−1 + 𝐛i) Eq 1 

𝐟t = sigmoid(𝐖f𝐗
t + 𝐔f𝐡

t−1 + 𝐛f) Eq 2 

𝐠t = tanh(𝐖g𝐗
t + 𝐔g𝐡

t−1 + 𝐛g) Eq 3 

𝐨t = sigmoid(𝐖o𝐗
t + 𝐔o𝐡

t−1 + 𝐛o) Eq 4 

𝐜t = 𝐟t ⊙ 𝐜t−1 + 𝐢t ⊙ 𝐠t Eq 5 

𝐡t = 𝐨t ⊙ tanh⁡(𝐜t) Eq 6 

where sigmoid⁡(x) = 1/𝑒−x, tanh⁡(x) = (𝑒2x − 1)/(𝑒2x + 1), and 𝐠t, 𝐡t, 𝐜t are the cell input, recurrent state, and cell state 

at timestep t, respectively. The ⊙ operator indicates the element-wise multiplication. 𝐗t is the input covariates matrix (static 

and dynamic features) associated with timestep t. W and b indicate weight and bias, respectively. Data is processed and passed 150 

to the adjacent cell through three main subnetworks, or gates: input (𝐢t), forget (𝐟t), and output (𝐨t) gates. A linear head (dense 

layer) is used at the output of the LSTM cell to map the last encoded input step 𝐡𝐭 (i.e., the recurrent state, hereafter called the 

context vector) to the target: 

𝑦̂ = 𝐖𝐥𝐡
𝐭+𝐛𝐥 Eq 7 

where 𝑦̂ is the specific discharge prediction. The LSTM model is an example of an encoder-decoder structure, where the LSTM 

cell is the encoder and is used to map the input signal (with dimension 365 × number⁡of⁡features) to a context vector (with 155 

dimension ‖𝐡‖ × 1), and the linear head is the decoder, mapping the context vector to the target (often a scalar value). While 

any neural network can be used as the decoder, such as another LSTM model (Jahangir et al., 2023; Kao et al., 2020), the 

linear head has been shown to be sufficient and efficient to train. Even with a linear head, dropout connections (randomly 

setting W entries to zero at a pre-specified rate) are necessary during training to avoid overfitting (see Feng et al., 2020; 

Kratzert et al., 2018). We explore how a non-linear, non-neural network mapping function (𝑓), namely a RF, can be used as 160 

an alternative to the linear head and how this can support more flexible, efficient, and accessible TL in hydrologic contexts. 

3.2 Hybrid LSTM-RF Model and Baseline TL Strategies 

Using RF as the decoder has several potential benefits, motivating its use in this research. First, RF’s ensemble-based 

structure enables complex, non-linear relationships to be captured by constructing multiple decision-trees on random subsets 

of data. During training, the algorithm automatically evaluates and ranks feature importance, eliminating the need for manual 165 

input variable selection (Cutler et al., 2007). Additionally, by combining predictions from multiple trees and leveraging 

randomization in both data and feature sampling, random forests exhibit strong resilience to overfitting (Breiman, 2001). For 

the hybrid LSTM-RF model, the target discharge is estimated by: 

𝑦̂ = 𝒇(𝐡𝐭) = 𝒇(LSTMCell(𝐗)) Eq 8 
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where 𝒇 is a RF. The schematic of the proposed hybrid model is shown in Figure 2. 

 For comparison, we consider two other fine-tuning strategies previously suggested by Ma et al. (2021): 1) LSTMA, where 170 

the weights of all LSTM layers were updated, and LSTMB, where only the weights of the linear head were updated and the 

LSTM cell weights were kept frozen (see Figure 2). 

The proposed hybrid LSTM-RF has several potential advantages over these two other fine-tuning strategies. Fine-tuning a 

DL model is highly sensitive to the choice of learning rate. An inappropriate learning rate can lead to a significant decline in 

performance. Furthermore, as deep learning models grow in complexity and size, the computational resources required for 175 

fine-tuning them increase substantially. Feeding the context vector into a non-neural network model like RF can be a 

straightforward post-processing step. This is beneficial primarily for hydrologists who may not have extensive experience in 

DL model development but still want to use a regional LSTM or other foundational geophysical models. Using this approach, 

researchers can fine-tune a model trained on hundreds or thousands of catchments for their specific sites of interest without 

requiring deep expertise in DL model architecture or access to HPC resources. This substantially lowers the technical barrier 180 

to applying advanced DL models in hydrology. 

For this study, we integrated the post-processing step within the broader modeling framework, ensuring seamless 

application. However, a catchment-wise post-processing approach, where the outputs of the LSTM model are extracted and 

subsequently fed into an RF or another interpretable model, is equally viable. This flexibility allows practitioners to adapt the 

methodology based on their computational constraints and expertise while benefiting from the knowledge embedded in large-185 

scale, regional DL models for site-specific applications. 

In this work, we utilized Google’s TensorFlow 2.16 and TF-DF 1.9.2 (updated to YDF) Python 3.11 libraries for most 

simulations, enabling seamless integration of neural networks and decision trees (hybrid or composite models). We also 

repeated many DL development experiments with Pytorch 2.5.1 to ensure reproducibility. 
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 190 

Figure 2: The schematic of the proposed hybrid LSTM-RF model. Instead of the regular linear head, a RF is used to map the 

context vector to the target. LB is the lookback period. For all experiments, a LB of 365 days was adopted. 

3.3 Transfer Learning Experiments 

We define two TL scenarios with different numbers of experiments (e.g., model developing type), which are summarized 

in Table 1. The goal of Scenario 1 is to showcase the effectiveness and efficiency of the hybrid TL method in situations when 195 

the available regional LSTM has limited source data (both in terms of the number of catchments and static features). This 

situation might arise in regions around the world where the number of locations for regional LSTM training is limited or in 

cases where available landscape features for model inputs are unavailable at the target catchments, complicating TL using a 

more sophisticated regional LSTM (see Khoshkalam et al. (2023) for details). In addition, Scenario 1 is relevant to situations 

where analysts are interested in fine-tuning a relatively simpler regional LSTM model that is cheaper and faster to train.   200 

In Scenario 1, a base LSTM was trained on 50 randomly selected catchments (these catchments are listed for each 

experiment in Table S3). Afterward, the base LSTM model was fine-tuned on the remaining catchments (371 in CAMELS-

US and 274 for CAMELS-DE). The base LSTM was only trained using four static features that are likely available for most 
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target sites: average discharge (mm/day), average precipitation (mm/day), and average maximum and minimum temperature 

(°C). Fine-tuning was conducted catchment-wise using only data from the training period. The fine-tuned models were 205 

benchmarked against both a regional LSTM model (trained on all 421 and 324 catchments in CAMELS-US and CAMELS-

DE, respectively) and LSTM models trained separately for each catchment. Thus, for Scenario 1, there are five experiments 

in total: two fine-tuned LSTMs (LSTMA and LSTMB), the hybrid model, the full regional LSTM, and catchment-wise LSTMs. 

Note that LSTMA and LSTMB were only developed for CAMELS-US and not CAMELS-DE, as our results for CAMELS-US 

demonstrated the superiority of the hybrid model (see Section 4.1.1). 210 

We also investigated increasing the number of random catchments used to train the base model from 50 to 100; however, 

this did not significantly improve the performance of the fine-tuned models. This outcome is likely due to the base model being 

trained with minimal static features in this scenario, thereby limiting improvements in model generalizability with more 

catchments. To assess the impact of randomness, we also experimented with 10 different random seeds to select the 50 random 

catchments and evaluated their influence on fine-tuning performance. The results across all seeds were consistent. Therefore, 215 

we present the results from one representative random seed in the main text and include another in the SI. 

In Scenario 2, the primary goal is to evaluate whether the hybrid approach can improve the performance of a “well-trained” 

regional LSTM model developed with a larger set of input features and hundreds of catchments, where the risk of negative 

(adverse) TL outcomes is high (i.e., overfitting and drop in performance; see Wang et al. (2019)). A secondary goal is to assess 

whether the hybrid approach works better when the base model is sub-optimal (i.e., the weights have not been fully optimized) 220 

or when the base model is trained on fewer catchments. Scenario 2 is only applied to CAMELS-US (421 catchments). Unlike 

Scenario 1, all models in Scenario 2 are trained using 27 static catchment attributes covering topography, climate indices, 

hydrological signatures, land cover, soil, and geological characteristics. The 27 static catchment attributes are the same as 

those reported in Kratzert et al. (2019). 

Three hybrid models are developed in Scenario 2. The first, called hybrid-371, is our primary hybrid model for this scenario. 225 

Here, a base LSTM model is trained on 371 catchments and fine-tuned with the hybrid approach for all 421 catchments. We 

fine-tune the base LSTM model with its final (optimal) weights, and compare this hybrid model to the base regional model 

based on performance for the 371 sites used in training and for the 50 sites left out of training. The goal of this comparison is 

to investigate whether fine-tuning an optimal regional model with the hybrid approach can improve its performance on in- and 

out-of-sample locations.  230 

Two other hybrid models are also developed and compared to assess the utility of the hybrid approach in situations with 

regional models fit with sub-optimal weights or fewer catchments. The second hybrid model (hybrid-421) is developed by 

fine-tuning a base model trained to all 421 catchments but using pre-final weights (checkpoints, e.g., epoch 3). This second 

model is meant to showcase whether fine-tuning early optimization weights (i.e., a sub-optimal model) can be utilized for rapid 

DL model development, especially when the goal is scenario analysis and impact assessment of specific catchments rather 235 

than training models for numerous catchments (Khan and Coulibaly, 2010). This approach is practical, as early checkpoints of 

advanced DL models are often publicly available, and deploying these models for inference is far less computationally 
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demanding than training even smaller DL models. We used a model checkpoint from the third epoch of the regional LSTM 

model but also achieved promising results with the hybrid approach utilizing the first epoch (discussed further in Section 4.2). 

The optimal checkpoint selection for fine-tuning remains an open research question that we do not explore in detail here.  240 

The third hybrid model (hybrid-50) fine-tunes a base model trained to only 50 catchments but using the final weights. The 

purpose of comparing hybrid-421 and hybrid-50 is to determine whether it is more advantageous to fine-tune a sub-optimal 

regional LSTM model trained on a larger number of catchments (hybrid-421), or to fine-tune an optimal regional model trained 

on fewer catchments (hybrid-50). We also compare the hybrid-421 and hybrid-50 models to a regional model without fine-

tuning fit to all 421 catchments, using sub-optimal weights.  245 

Thus, in Scenario 2, there are a total of five experiments: hybrid-371 (base: regional, optimal, trained on 371 catchments), 

hybrid-421 (base: regional sub-optimal, trained on 421 catchments), hybrid-50 (base: regional optimal, trained on 50 

catchments), and two regional models without fine-tuning fit to 371 and 421 catchments.  

Hyperparameters for the LSTM models, including context size and dropout rate, were selected based on prior studies and 

preliminary experiments. The final selected hyperparameters for the LSTM models are shown in Table 1. Extensive 250 

experiments were conducted to optimize the learning rate and number of epochs to prevent overfitting during fine-tuning of 

LSTMA and LSTMB (highlighting the sensitivity of these approaches to hyperparameter selection). The results confirmed that 

for LSTMA, it is most beneficial to adopt a small learning rate (5e-5) and fine-tune for a maximum of 15 epochs, while for 

LSTMB, a larger initial learning rate of 1e-3 and a maximum of 50 epochs were most effective. Early stopping and a dynamic 

learning rate adjustment were implemented to mitigate overfitting further. Mean squared error was utilized as the loss function, 255 

and the Adam optimizer (Kingma and Ba, 2014) was employed to optimize the weights. Inputs and targets were z-normalized 

before being fed into the models for better convergence. All models were trained to predict specific discharge (mm/day). For 

the RF hyperparameters (e.g., tree depth) in the hybrid model, the model performance was highly robust across a wide range 

of settings. Among the factors evaluated, the context size (hybrid model input cardinality) emerged as having the most 

significant impact on performance. As a result, default hyperparameter values were adopted for the RF models across all 260 

experiments, including a maximum tree depth of 16 and an ensemble size of 300. The use of default hyperparameters for the 

RF hybrid model, in contrast to the careful hyperparameter selection needed for LSTMA and LSTMB, highlights a key 

difference in ease of use between these methods.  

 

Table 1- The defined scenarios and their associated experiments. *-** indicates the context size and the dropout rate. X indicates 265 
not presented.  𝐒𝐓𝐌𝐀 indicates fine-tuning all the weights, while  𝐒𝐓𝐌  indicates fine-tuning the linear head weights. 

Scenario 1: TL for improving regional LSTM model with limited source data 

Experiment Regional 

LSTM model 

Catchment-wise 

LSTM Model 

Base LSTM Fine-tuning (LSTMA) Fine-tuning (LSTMB) Hybrid 

approach 

CAMELS-US 256*-0.4** 128-0.2 128-0.2 Update the weights of the 

LSTM cell and linear head 

Update the linear 

head weights 

Base LSTM-RF 

CAMELS-DE 128-0.4  X 64-0.2 X X Base LSTM-RF 
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Scenario 2: TL for improving regional LSTM model with ample source data  

Experiment Regional 

LSTM model 

Catchment-wise 

LSTM Model 

Base LSTM Fine-tuning (LSTMA) Fine-tuning (LSTMB) Hybrid 

approach 

CAMELS-US 256-0.4 X 256-0.4 X X Base LSTM-RF 

3.4 Performance Evaluation 

The two most common deterministic, scale-independent performance measures in hydrology were adopted for evaluating 

the performance: the modified Kling–Gupta efficiency (Kling et al., 2012) and NSE (McCuen et al., 2006) (see SI for 

mathematical formulations). A NSE and KGE of 1 is ideal, and NSE and KGE values greater than 0.75 are considered good 270 

(Crochemore et al., 2015; Moriasi et al., 2007; Palash et al., 2024). The percent bias of the top 2% peak flow range (FHV) and 

the percent bias of the bottom 30% (baseflow) range (FLV) was also assessed (see Feng et al. (2020) and Yilmaz et al. (2008)). 

To identify whether the hybrid approach significantly improved prediction performance compared to the regional LSTM 

model, the Wilcoxon signed-rank test was adopted (Wilcoxon ,1945). The Wilcoxon signed-rank test was applied to the 

absolute error values from both the hybrid approach and the regional LSTM model, separately for each site. This was used to 275 

determine if there was a statistically significant difference in prediction performance, indicating whether the hybrid approach 

offered a meaningful improvement over the regional LSTM model on a site-by-site basis. A significance level of 95% was 

used to evaluate the significance of the Wilcoxon test. All reported metrics are associated with the test set. 

4 Results and Discussion 

This section presents and analyses each scenario’s results and corresponding experiments. First, we examine the outcomes 280 

of utilizing TL for effective hydrological prediction when source data is limited (Scenario 1). Next, we discuss the results 

related to enhancing the performance of a regional model built on more expansive source data (Scenario 2). The role of the 

LSTM in encoding the metrological forcing into informative clusters is briefly discussed, and finally, the limitations of this 

study are addressed at the end of this section. 

4.1 Scenario 1 285 

4.1.1 CAMELS-US 

Figure 3 shows the distribution of NSE and KGE values for the 371 catchments excluded from base model training in 

Scenario 1 for the hybrid, LSTMA and LSTMB models. For comparison, the solid line represents the median of the regional 

model trained on all 421 catchments, while the dashed line indicates the median of the catchment-wise LSTM models (see SI 

for details). The median KGE and NSE values for the base model trained to 50 catchments are also shown in the figure (dashed-290 

dotted line). The results demonstrate that the hybrid approach outperforms the other two TL methods. Specifically, the hybrid 

model achieves a 3.99% (1.11%) and 4.84% (6.04%) improvement in KGE and NSE medians compared to LSTMA (LSTMB), 
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respectively. The hybrid model also improved performance over the two other TL methods for the worst-performing 

catchments, showing better performance in the lower portion of the distribution. Additionally, the hybrid model showed a 

4.14% and 9.19% improvement in KGE and NSE medians, respectively, compared to the catchment-wise training method. 295 

Results suggest that LSTMA and LSTMB resulted in relatively similar performance.  

The regional model did not substantially outperform the catchment-wise approach due to the limited use of static 

features during training. This underscores the role of incorporating sufficient static features in regional DL development for 

hydrology and highlights the challenges in transferring regional models to locations with differing static feature availability. 

Interestingly, the results indicate that using the hybrid approach to fine-tune the base model, even when the base model exhibits 300 

poor out-of-sample performance, proves to be more advantageous than developing a regional deep learning model when 

sufficient static features are not utilized. Overall, the hybrid approach showed promising performance considering that a 

relatively simple base model (low number of catchments, few variables) was adopted.  

Similar results to those above were obtained for another random set of catchments used to train the base model (Table 

S3 in SI), where the hybrid model generally outperformed the other two methods. The hybrid model showed 4.84%, and 7.50% 305 

improvement for KGE and NSE medians (Fig S1) compared to the catchment-wise training method. However, unlike the first 

adopted pool, it was observed that LSTMA generally performed better than LSTMB. 

In addition to the performance differences above, the experiments indicated that the hybrid method is more efficient than 

the other two TL methods. The optimization times for the models, shown in Table 2, were recorded on a single node of Alliance 

Canada’s Graham cluster, equipped with a V100 GPU, two CPU cores, and 48 GB of RAM. These hardware settings were 310 

chosen based on the availability of Alliance Canada resources and to ensure reproducibility on personal workstations. The 

hybrid approach was approximately 35% and 32% faster than LSTMA and LSTMB, respectively. For comparison, and for a 

specified random seed, optimizing a regional model for all 421 catchments required 3 hours and 48 minutes, the base model 

(trained on 50 catchments) took approximately 36 minutes, and the catchment-wise training strategy required 8 hours and 42 

minutes. It should be noted that recorded times are impacted by many factors, such as model weight initialization and software 315 

configurations (e.g., the Python and CUDA versions). 
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Figure 3: (a) NSE and (b) KGE distribution over the 371 catchments for the different approaches to improve the base model. For 

comparison, the solid line indicates the regional model median trained on all 421 catchments (using minimum static features), 

while the dashed line shows the median of the catchment-wise LSTM models. 320 

Table 2- Wall time comparison of TL methods. All the recorded times are in seconds. The reported statistics are based on wall 

times averaged across all 421 catchments. 

 
Method 

Stat Hybrid LSTMA LSTMB 

Average 47.22 72.36 69.23 

Median 42.87 69.46 62.47 

St.D. 13.31 5.96 29.95 

Min. 37.37 67.92 34.56 

Max. 88.61 84.87 159.89 

 

4.1.2 CAMELS-DE 

Figure 4 shows the empirical cumulative distribution function (CDF) of KGE and NSE values for the 274 catchments not 325 

used for base model training. Three CDFs are shown: one for the hybrid approach, which fine-tunes the base model trained on 

50 catchments, one for the regional benchmark trained on all 1555 catchments in CAMELS-DE, and one for the base model. 
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Recall that we did not develop TL models (LSTMA and LSTMB) for CAMELS-DE. The findings indicate that the hybrid 

approach performs competitively with the regional model, even though the base model was trained with fewer static features 

and only 50 catchments and shows inferior performance on the out-of-training catchments. Although the median NSE of the 330 

hybrid model was 2.54% lower than that of the regional model, the hybrid model achieved a minimum NSE value of 0.369 

compared to 0.094 for the regional model (catchment ID: DE810470). This disparity is evident in the CDF plot, where the 

regional model displays a heavier lower tail. When comparing the medians of the differences, the regional model demonstrated 

marginal improvements of 0.57% in KGE and 1.48% in NSE over the hybrid model. 

 335 

 

Figure 4: NSE and KGE empirical CDF for the selected 274 catchments in Germany. 

 

The performance of the models under low-flow and high-flow conditions was also evaluated. The empirical CDFs for FLV 

and FHV, corresponding to the regional and hybrid models, are presented in the SI (Figure S2). Results indicate that the hybrid 340 

model performed comparably to the regional model, with a slight advantage in high-flow regimes. Specifically, the hybrid 

model achieved median FLV and FHV values of 4.34% and -16.95%, respectively, compared to 4.37% and -17.77% for the 

regional model. 
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4.2 Scenario 2 

The results of fine-tuning a regional model using the proposed hybrid method are presented. In this analysis, both optimal 345 

and sub-optimal regional models were evaluated. Given that the hybrid approach consistently outperformed the alternative 

methods (LSTMA and LSTMB), only the hybrid model was selected for further experimentation. 

4.2.1 CAMELS-US 

Figure 5 presents the NSE and KGE values for both the hybrid model (hybrid-371) and the corresponding regional model 

fit to 371 sites and using optimal weights. Each model is represented by two groups. The dashed boxplot indicates catchments 350 

(50) that were not included in the training of the regional (base) model. The results confirm that fine-tuning the regional model 

leads to significant performance improvements for catchments that were that were not used in training (50), showing a 14.11% 

and 13.13% improvement in median KGE, and NSE, respectively. For the catchments already adopted in the training of the 

regional model, the hybrid method resulted in 0.66% and 1.19% improvement in median KGE and NSE, respectively. Repeated 

analyses using various random seeds consistently demonstrated that the hybrid method enhances the performance of a regional 355 

model for out-of-sample catchments but does not meaningfully improve performance for catchments already included in model 

training for a regional model fit to many sites and with many static features. 

 

Figure 5: NSE and KGE for hybrid (hybrid-371, light blue) and regional (base, orange) models. The dashed box plots are 

associated with the catchments that were not used in training the regional model. 360 
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The potential of fine-tuning for improving sub-optimal regional models was also assessed. The distributions of NSE and 

KGE for a regional LSTM model and two hybrid model variants are presented in Figure 6. For clarification, the “hybrid-50” 

method corresponds to the case where the base model was trained on only 50 randomly selected catchments (see SI), like 

Scenario 1, but utilizing all available (27) static features. In contrast, the “hybrid-421” method involves fine-tuning the sub-

optimal regional LSTM model (using the epoch-3 checkpoint). The results demonstrate that the hybrid approach is effective 365 

and delivers competitive performance compared to the regional LSTM model, even when the base model was trained on a 

limited subset of catchments (hybrid-50). Overall, fine-tuning the sub-optimal regional model led to marginal performance 

gains, with median KGE and NSE values improving by 0.92% and 1.19%, respectively. Comparing the results of hybrid-421 

and hybrid-50 indicates that fine-tuning a sub-optimal regional model trained to more sites is more beneficial compared to 

fine-tuning an optimal regional model trained with fewer catchments. 370 

 

Figure 6: NSE and KGE distribution over the 421 catchments associated with the regional, hybrid-50, and hybrid-421 models. 

The results presented for hybrid-421 correspond to the weights retrieved at the third epoch; however, we also tested earlier 

and later checkpoints and different weight initializations. Fine-tuning the weights from the first epoch of a pre-trained regional 

model also demonstrated competitive performance, yielding KGE and NSE values of 0.763 and 0.748, respectively, compared 375 

to 0.766 and 0.752 achieved by the regional model (see Table S5). It is important to note that the results provided were not 

selectively presented. Our experiments showed that the epoch yielding the best performance from the fine-tuned model varied 
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and depended on the initialization of the model’s weights. Optimally selecting the checkpoint for fine-tuning is challenging, 

relies on many factors (e.g., the designed pipeline), and falls outside the scope of this work. 

Even though the median performance metrics in Scenario 2 suggest incremental improvements for in-sample locations 380 

included in the regional (base) models, it is useful to assess the specific catchments where performance gains occurred with 

the hybris approach and whether these gains are statistically significant. This analysis was performed using the Wilcoxon test, 

with the results illustrated in Figure 7. Catchments with significant KGE improvements are marked by green positive markers, 

whereas those with significant decreases are indicated by red negative markers. Transparent markers represent catchments 

where the differences were not statistically significant. The analysis reveals that KGE significantly increased (decreased) in 385 

53.51% (31.72%) of the catchments. A similar analysis was conducted for NSE (see Figure S3 in SI), showing that in 43.60% 

(41.38%) of the catchments, NSE was significantly increased (decreased). For KGE, the greatest improvement was observed 

in the Great Basin Region (HUC 16), with a median improvement of 0.161 and a mean improvement of 0.220. Conversely, 

the largest performance decline occurred in the Souris-Red-Rainy Region (HUC 9), with a median and mean decrease of -

0.220. For NSE, the greatest improvement was observed in the Lower Colorado Region (HUC 15), with a median increase of 390 

0.102 and a mean increase of 0.212. Conversely, the largest performance decline occurred in the Souris-Red-Rainy Region 

(HUC 9), with a median and mean decrease of -0.111. However, HUC 9 only includes two catchments.  
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Figure 7: KGE increase (green +) or decrease (red -) across the selected 421 catchments, based on comparing hybrid-421 to the 

regional LSTM model fit to 421 catchments and optimal weights. Only catchments with KGE>-1 were considered for comparison. 395 
Non-significant changes are shown in transparent color. The numbers indicate the HUC. 

An interesting and important direction for advancing hydrological prediction lies in identifying where and when different 

models outperform one another. Although exploring this research avenue falls outside the scope of the current study, 

preliminary analysis revealed that the hybrid approach serves as a viable alternative in catchments where the regional model 

underperforms. For instance, in catchments where the regional model yielded KGE and NSE values below 0.75 (“good” 400 

threshold), mostly those with lower baseflow ratios and less snowmelt influence, the hybrid model improved performance. 

When the hybrid approach was used instead of the regional model, the median KGE and NSE increased from 0.762 to 0.788 

and from 0.758 to 0.773, respectively.  

4.3 LSTM Cell, a Non-Linear Clustering Model 

It was observed that fine-tuning a well-trained regional model on the same catchments it was originally trained on can 405 

results in marginal performance gains. Also, as demonstrated in previous sections, fine-tuning, whether through the hybrid 

method or standard approaches, results in substantial performance gains (compared to regional modeling) when applied to a 

sub-optimal (fewer sites and static features, or early epoch) regional model. Fine-tuning can be performed using either the 

proposed hybrid approach, which is computationally efficient but may require post-processing, or through standard neural 

network fine-tuning, which provides an end-to-end solution but is more sensitive to data availability and learning rate 410 

customization and requires expertise. Regardless of the method, this approach should be viewed as a complementary tool to 

regional modeling, for catchments where the regional model demonstrates suboptimal performance. 

The context vector represents the transformation of a high-dimensional input space (lag, number of features) into a smaller 

informative space (𝐡). This transformation can be observed as a non-linear dimension reduction, an alternative to linear 

methods such as principal component analysis. Fine-tuning was performed effectively in cases where the base models exhibited 415 

limited generalization, as seen with the regional model trained with minimal static features (Scenario 1) and early checkpoint 

weights (Scenario 2). However, results indicated that the sub-optimal models are successful at grouping/clustering catchments 

based on the meteorological forcing. Cosine similarity (Luo et al., 2018) was used to assess this clustering and measure the 

similarity between context outputs in the catchments of interest. As an example, the average similarity (all samples in the train 

set) between the context outputs of one random catchment located in HUC 1 (catchment ID: 1022500), with those of 370 other 420 

catchments (all not used for training the base model in scenario 1) is shown in Figure 7. As expected, catchments located in 

HUC 1 showed the most similarity to the selected catchment. The findings of Ma et al. (2021) showed that fine-tuning the 

linear head of an LSTM model (LSTMB) is more effective when the source and target catchments share similar properties. This 

effectiveness is due to the reduced variability in context outputs generated by a well-trained LSTM cell (trained over many 

catchments). When source and target catchments are similar, the linear head can accurately decode the encoded context to the 425 

target. In contrast, when catchment properties differ significantly, the encoded space fails to capture the required distinctions, 
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resulting in suboptimal decoding. In essence, the model struggles to differentiate the new catchment from previously learned 

ones. Obtaining the best encoder for encoding the input forcing, and, consequently, the best encoded representation is an open 

research avenue (Liu et al., 2023). Advancements in this area have significant potential to enhance data-driven hydrology and 

improve model transferability across diverse catchments. 430 

 

Figure 8: Average Cosine similarity between a random catchment (located in HUC 1, shown by cross) and the other 370 

catchments. 

5 Conclusion 

Accurate hydrological prediction is essential for effective water resource management and the development of reliable 435 

early warning systems. Within the hydrology community, data-driven approaches have gained recognition due to their 

superiority over traditional conceptual modeling in capturing complex hydrological processes. With the growing availability 

of data, advancements in deep learning (DL) architectures, and increased computational power, the strategic utilization and 

transfer of complex DL models will play an essential role in the future of data-driven hydrology. It is expected that transfer 

learning (TL) will be a key component to leveraging these advancements. This study explored a hybrid LSTM–random forest 440 

method as an efficient and accurate approach to TL, evaluating its performance across two distinct geographic regions, the 

continental United States (421 catchments) and Germany (324 catchments), using benchmark datasets (CAEMLS).  

Two scenarios were defined to assess the proposed method. In the first scenario, the study evaluated the hybrid model’s 

effectiveness for efficient fine-tuning of a regional LSTM trained with limited data (samples and features). In the second 
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scenario, the hybrid method was assessed for its ability to fine-tune a regional model fit on a large set of sites and features. 445 

The results from Scenario 1 demonstrated that the proposed method meaningfully improved performance over other TL 

strategies (LSTMA and LSTMB) when the base regional model was fit to a limited number of sites and features, and was also 

more computationally efficient and less sensitive to hyperparameter selection. The hybrid approach also substantially 

outperforms catchment-specific DL model development.  

In Scenario 2, we found that the hybrid approach resulted in substantial performance improvement when utilized for fine-450 

tuning on catchments excluded from the regional model’s training set, but only produced marginal improvements for sites 

included in regional model training. Furthermore, fine-tuning for sub-optimal regional models fit to more sites led to larger 

improvements compared to fine-tuning of optimal regional models fit to less sites. The results also demonstrated that the hybrid 

method is effective in improving the performance of regional DL models in catchments where those regional models 

underperform, underscoring its potential as a useful tool for hydrological prediction in areas that challenge existing regional 455 

models.  

Overall, the results of this work highlight the benefits of fine-tuning with the hybrid approach, particularly for regional DL 

models fit to few sites and features, but also in the context of larger regional models. The hybrid approach can be utilized when 

developing a model for a new site instead of retraining the model using all the data or developing models catchment-wise. 

 This work aimed to introduce a novel method that benefits both the scientific community and industry. The findings of 460 

this study have caveats because of two main reasons. First, we only tested the approach for catchments with relatively long 

records (20-30 years) for fine-tuning. This assumption does not hold in many cases, especially in developing countries where 

monitoring networks are not as extensive and are often newly established compared to developed countries, such as the U.S. 

and Germany. However, the aim of this research was different and focused on improving efficiency and accuracy, as previous 

work (e.g., Khoshkalam et al., 2023; Ma et al., 2021) has already demonstrated the benefits of using TL and fine-tuning for 465 

data-scarce regions. Second, the checkpoint selection (retrieving the DL model weights) has meaningful impacts on 

performance. Future research should aim to understand better how checkpoint selection affects fine-tuning outcomes. This 

knowledge would help practitioners determine when fine-tuning sub-optimal models (which are often released by leading DL 

model developers) is viable for their specific local applications. 

The effectiveness of the hybrid method was tied to the context vector generated by the LSTM cell. A future avenue of 470 

research is to investigate how to maximize the information encoded in the context vector, thereby enabling the development 

of the “best” fine-tuned model. Methods such as self-supervised learning (Liu et al., 2023) or variational modeling (Blei et al., 

2017) can be explored to achieve this. Recent advancements in encoder-based large language models have demonstrated their 

ability to generate context-rich embeddings (Devlin et al., 2019) that enhance downstream predictive tasks across various tasks 

(Jin et al., 2024). Thus, there is great potential for effectively utilizing such models to produce informative contexts in the 475 

hydrologic sciences and for seamless integration into hydrological prediction frameworks accessible to hydrologists and local 

water resource practitioners worldwide. 

https://doi.org/10.5194/egusphere-2025-846
Preprint. Discussion started: 13 March 2025
c© Author(s) 2025. CC BY 4.0 License.



21 

 

Data and Code Availability 

All data used in this study are publicly available. For CAMELS-US, meteorological data were sourced from Addor et al. 
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