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Abstract

Abstract

Recent advancements in machine learning, particularly Long Short-Term Memory

(LSTM) networks, have demonstrated remarkable success in hydrological modelling, often

outperforming traditional hydrological models. This thesis provides a comprehensive analysis

of LSTM networks for streamflow forecasting under various conditions. First, the impact of

incorporating historical streamflow data as an input was evaluated, demonstrating significant

improvements in prediction accuracy across diverse catchments. While LSTM outperformed

the persistence for one-day-ahead forecasts, accuracy decreased for longer lead times for both

models. The effect of noisy precipitation inputs was subsequently investigated, revealing that

while noise generally reduces performance, LSTMs trained with noisy data exhibit resilience.

Basin sensitivity to precipitation noise varied and correlated with catchment attributes. Lastly,

interpolation and extrapolation under stationary and non-stationary climate scenarios were

examined. LSTM performed remarkably well under stationary conditions but showed biases

when predicting under changing precipitation regimes, highlighting challenges in extrapolation.

In conclusion, the thesis summarizes the key findings, addresses its limitations, and suggests

avenues for future research, such as incorporating forecasted forcing data and hybrid models

development to improve the robustness of LSTM-based streamflow forecasting.
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Chapter 1

Introduction

1.1 Background

Streamflow forecasting is a critical component of water resource management, essential for

applications such as flood prediction, drought management, and water supply planning (Hunt

et al., 2022; Kratzert et al., 2018; Lafon et al., 2013). Traditionally, hydrological models,

including physically based, conceptual, and data-driven approaches, have been employed for

streamflow simulation and forecasting. However, these traditional models often face challenges

in capturing the non-linear and non-stationary characteristics of streamflow, particularly when

dealing with large datasets, parameter complexity, computational expenses, and inherent

limitations (Kratzert et al., 2018; Arsenault et al., 2023).

In past decade, machine learning (ML) techniques, particularly Long Short-Term Memory

(LSTM) algorithm, have emerged as a promising alternative (Arsenault et al., 2023). LSTMs,

a type of recurrent neural network (RNN), are designed to model long-term dependencies

in sequential data and have shown a strong performance in streamflow simulation and
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1.2 Problem Definition

forecasting against traditional hydrological models and other ML approaches like Artificial

Neural Networks (ANNs) (Le et al., 2021; Kratzert et al., 2018; Demiray et al., 2024). Their

ability to learn complex hydrological relationships directly from data, without relying on

predefined physical equations, makes them well-suited for capturing the complex dynamics of

the hydrological cycle (Gauch et al., 2021). The integration of LSTMs with other modeling

techniques, forming hybrid models, has also shown potential for achieving more accurate and

robust streamflow predictions (J. Liu et al., 2024, Yifru et al., 2024).

1.2 Problem Definition

Despite the advancements in LSTM-based streamflow modeling, several research gaps and

challenges remain. One key area involves understanding the impact of the inclusion of

historical streamflow data as an input feature on LSTM performance.

Another crucial challenge lies in the forecasting capability of LSTM models over different

prediction horizons. While LSTMs can perform well for short-term forecasts, their accuracy

typically degrades as the lead time increases (Lin et al., 2024). Understanding how LSTM

performance compares to simpler benchmark models, such as persistence methods, for

multi-day ahead forecasts is important. Furthermore, traditional performance metrics might

not adequately capture model behavior during critical hydrological periods, such as high-flow

and flood events, necessitating a more focused evaluation of LSTM performance under such

conditions.

The reliability of LSTM models also significantly depends the quality of input data,

particularly precipitation, which is the primary forcing of the hydrological cycle (Lafon et al.,

2013). Uncertainties and noise inherent in precipitation data from various sources can impact
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1.3 Research Objectives

the accuracy of streamflow predictions (Frame et al., 2021). Understanding the sensitivity

of LSTM models to noisy precipitation inputs, identifying regions where this sensitivity is

more pronounced, and assessing the model’s ability to filter out such errors are critical for

real-world applications.

Finally, with the anticipation of changing climate patterns leading to hydrological events

that have not been observed before, the ability of data-driven models like LSTMs to generalize

beyond the historical data they were trained on becomes a significant concern (Beven,

2024). Distinguishing between interpolation (predictions within the training data range)

and extrapolation (predictions outside the training data range) is crucial for assessing the

reliability of LSTM forecasts under stationary and non-stationary conditions.

1.3 Research Objectives

This thesis aims to address these challenges and enhance the understanding of LSTM networks

for streamflow forecasting through the following key objectives:

• to evaluate the effectiveness of incorporating historical streamflow data as an input

feature in LSTM models for improving streamflow prediction accuracy across a large

number of diverse catchments,

• to compare the capability of LSTM models for multiple days ahead streamflow

forecasting against the persistence,

• to investigate the impact of noisy precipitation input data on the accuracy of LSTM

models for streamflow prediction, and to analyze the sensitivity of different basins to

varying levels of noise in precipitation,

3



1.4 Outline of the Thesis

• to analyze the performance of LSTM models in streamflow forecasting under stationary

and non-stationary scenarios, focusing on their ability to interpolate and extrapolate to

hydrological conditions that may lie outside the historical training data range.

1.4 Outline of the Thesis

This thesis is structured as a Sandwich Style Thesis and it includes the following chapters:

• Chapter 2: The Effectiveness of LSTMs in Streamflow Forecasting Using

Historical Data investigates the impact of incorporating historical streamflow data

as an input for LSTM models and evaluates their performance for multi-day ahead

forecasting, comparing them against a persistence model. It also examines the model

performance during non-baseflow periods.

• Chapter 3: The Effect of Noisy Precipitation Inputs on Streamflow

Predictability of LSTMs explores the sensitivity of LSTM models to uncertainties in

precipitation input data. It analyzes the impact of varying levels of noise on streamflow

prediction accuracy across different basins and examines the relationship between model

sensitivity and catchment characteristics.

• Chapter 4: Interpolation & Extrapolation in Streamflow Forecasting in

Stationary & Non-Stationary Scenarios using LSTMs examines the reliability

of LSTM models in predicting streamflow under stationary and non-stationary climate

scenarios simulated using a physically based hydrological model. It focuses on the

ability of the model to generalize to hydrological conditions that involve interpolation

and extrapolation beyond the historical training data.

4



1.4 Outline of the Thesis

• Chapter 5: Conclusion of the Thesis summarizes the key findings & the conclusion

of the thesis, limitations, and suggests potential directions for future research.

Through these chapters, this thesis aims to provide a comprehensive analysis of the

capabilities and limitations of LSTM networks for streamflow forecasting under various

conditions, contributing to the ongoing advancements in hydrological modeling and

prediction.

5



Chapter 2

The Effectiveness of LSTMs in

Streamflow Forecasting Using

Historical Data

2.1 Introduction & Background

Streamflow forecasting is one of the most crucial elements of water resource management (Hunt

et al., 2022). As traditional hydrological models, physically based, conceptual and data-driven

approaches have been used for decades to simulate streamflow. However, capturing non-linear

and non-stationary streamflow characteristics using traditional models has been challenging

due to difficulties related to large data, parameter complexity, computational expense, and

limitations (Kratzert et al., 2018; Arsenault et al., 2023). Recently, machine learning (ML)

techniques such as Long Term Sort Term Memory (LSTM) networks have emerged as a novel

approach that could address those difficulties (Arsenault et al., 2023; Gauch et al., 2021).
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2.1 Introduction & Background

2.1.1 Performance of LSTMs against Traditional Models

Many studies have exhibited the superior performance of LSTM networks in streamflow

simulation and forecasting compared to traditional hydrological models (Frame et al., 2021;

Kratzert et al., 2021; Lees et al., 2021). For example, Kratzert et al. (2018) showed that

LSTM models could slightly outperformed the Sacramento Soil Moisture Accounting Model

(SAC-SMA), a well-established hydrological model. Frame et al. (2021) also found that LSTM

models significantly improved streamflow predictions compared to the U.S. National Water

Model (NWM). In a study across 669 catchments in Great Britain, Lees et al. (2021) showed

that their LSTM models outperformed a set of benchmark conceptual models. Gauch et al.

(2021) also demonstrated that LSTM models performed better than the NWM at both time

scales (Daily and Hourly) they considered. These findings suggest that LSTM models has

ability to trace complex hydrological relationships directly from data, without relying on

predefined physical equations. Furthermore, unlike traditional Artificial Neural Networks

(ANN), LSTM models, along with other Recurrent Neural Network (RNN) types such as

Gated Recurrent Units (GRU), demonstrate greater stability and performance in streamflow

forecasting (Le et al., 2021).

LSTM’s ability to discover long-term dependencies in sequential data is crucial for

hydrological modelling. Catchments often exhibit memory effects, where past conditions

influence future streamflow. Traditional RNNs have limitations in learning such long-term

dependencies, whereas LSTMs are designed to overcome this weakness (Kratzert et al., 2018).

7



2.1 Introduction & Background

2.1.2 Historical Streamflow Data as Input for LSTM

The use of previous streamflow data as an input variable significantly could enhance the

performance of LSTM models, because streamflow series exhibit strong temporal dependencies,

with current streamflow values highly correlated with past values. Analysis Lin et al. (2024)

revealed that lagged streamflow contributed more significantly to the forecast results than

lagged precipitation Pokharel and Roy (2024) also used lagged streamflow values as input in

their CNN-LSTM model and showed improved performance for streamflow prediction. Frame

et al. (2021) demonstrated that LSTM models effectively learn rainfall-runoff dynamics,

gaining minimal additional insight from the conceptualizations encoded in the NWM.

2.1.3 Forecasting Capability of LSTM

While LSTM models are powerful tools for streamflow forecasting, their performance could

degrade as the prediction horizon increases. The accuracy of predictions tends to decrease

with longer lead times (Ghimire & Krajewski, 2019). For instance, Lin et al. (2024) showed

that while their naive LSTM model forecasted the 1-day-ahead streamflow with an higher

accuracy, the performance decreased as the lead time increased. This highlights a limitation

of purely data-driven approaches that rely on patterns in the training data, but those patterns

may not fully capture future dynamics.

2.1.4 Performance of the Persistence

The naive method, the Persistence model, serves as a simple yet reliable benchmark for short

term streamflow forecasting. This method assumes that future streamflow would be same as

the current streamflow, relying on the inherent characteristics of streamflow series. Lin et

8



2.1 Introduction & Background

al. (2024) found that for 1 day, 2 days, and 3 days ahead streamflow forecasts, their naive

method achieved Nash–Sutcliffe Efficiency (NSE) higher than 0.5 in 88%, 65%, and 52% of

basins respectively. This highlights that very simple assumptions of persistence can capture

a significant amount of streamflow predictability at short time scales. The naive method

provides a baseline for comparing and assessing the performance of more complex models

such as LSTM.

2.1.5 Baseflow Separation and its Influence on Model Evaluation

Accurate evaluation of streamflow prediction models might require the separation of baseflow

from total streamflow (Szilagyi, 2004). Baseflow, representing the sustained groundwater

contribution to streamflow, exhibits distinct characteristics from quick flow or direct runoff,

which is primarily driven by rainfall events. Various methods exist for baseflow separation,

ranging from simple digital filters (Eckhardt, 2012) to more complex physically based models

(Szilagyi, 2004). The choice of baseflow separation method can significantly influence the

assessment of model performance, particularly in the context of comparing different forecasting

techniques. Selecting an appropriate baseflow separation technique is therefore crucial for

ensuring accurate and reliable analyses of streamflow data (Szilagyi, 2004; Xie et al., 2020).

This study will employ the Eckhardt digital filter method. Xie et al. (2020) compared 9

different methods for more than 1800 catchments across the contiguous United States and

finally showed that Eckhardt digital filter method has the best performance.

Despite the progress in LSTM-based streamflow modelling, several research gaps remain.

While Gauch et al. (2021) utilized the CAMELS-US dataset and demonstrated superior

performance of LSTMs over traditional hydrological models incorporating multiple input

variables (including convective fraction, longwave radiation, potential energy, potential

9



2.1 Introduction & Background

evaporation, pressure, shortwave radiation, specific humidity, temperature, total precipitation

and wind) and catchment attributes, they did not explore the impact of including previous

streamflow data as an input. It remains unclear whether incorporating previous streamflow

would lead to further improvements in LSTM performance.

Gauch et al. (2021) and many others, focused on same time-step streamflow predictions

(using input data up to the current time step to predict the streamflow at current time step).

However, the literature shows that the performance of LSTM models degrades with longer

lead times. It is not clear how much the LSTM performance degrades for multiple days

ahead streamflow forecasting, and whether its performance remains better than the simplest

models like Persistence. Hence, it’s important to explore the performance of LSTM models

in forecasting streamflow at different lead times and compare them with simpler approaches

like the naive method (Lin et al., 2024). This will help determine the potential applicability

of LSTM models for real-time forecasting.

Traditional performance metrics such as NSE, Kling–Gupta Efficiency (KGE), and Root

Mean Square Error (RMSE), are calculated using all streamflow values (Gupta et al., 2009).

However, these metrics may not adequately capture model performance during critical periods,

such as high-flow and flood events. There is a need to evaluate LSTM performance specifically

during medium to high streamflow periods to understand how well models predict those

events. By focusing on the non-baseflow periods, we can more accurately assess a model’s

capability to mitigate flood risks, which is a primary concern for water resource management.

In conclusion, the literature suggests that LSTM networks and their hybrid variations

are promising tools for streamflow prediction, offering improvements over traditional models.

However, their performance can be affected by the prediction horizon and the complexity

of the hydrological processes. The current research gaps involve the potential of previous

10



2.1 Introduction & Background

streamflow data, multi-day forecasting capability, and performance during high-flow events.

Further research should focus on addressing these challenges, particularly in the context of

long-term forecasting and in poorly gauged basins.

11



2.2 Methodology

2.2 Methodology

2.2.1 Data

The same data was incorporated in this study to compare it with a previous benchmark

study (Gauch et al., 2021). Therefore, this study was also done on the CAMELS-US data set.

CAMELS-US data set includes 671 catchments in the continental United States ranging in size

from 4 to 25,000 km2. These catchments were selected from the existing gauged catchments

in the United States since they are mostly natural and have long period of gauge records

(1980–2018) available from the United States Geological Survey National Water Information

System (Newman et al., 2015; Kratzert, Klotz, Herrnegger, et al., 2019). Gauch et al. (2021)

selected only 516 basins out of 671 basins in CAMELS-US data which are not larger than 2000

km2 and have hourly streamflow data available from the USGS Water Information System.

All observed streamflow data, meteorological forcing data and catchment attributes used for

this study were downloaded from the data repository for the benchmark study by Gauch et

al. (2021) which is publicly available. Hourly observed streamflow data that were averaged to

daily scale for this study were originally from the USGS Water Information System. Hourly

meteorological forcing data was originally from NLDAS-2 product, which provides hourly

meteorological data since 1979 (Xia et al., 2012). Gauch et al. (2021) spatially averaged

forcing variables for each basin and temporally averaged them on the daily scale. Catchment

attributes data were originally from CAMELS-US data set. The dataset was divided into

three distinct periods, as outlined in Table 2.1, to simulate the training, validation, and

testing of the LSTM models. This study incorporated 11 forcing variables (see Table 2.2)

and 27 catchment attributes (see Table 2.3) as inputs for LSTM models respectively.
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Table 2.1: Simulation Periods.

Simulation Data Period

Train 1990 - 2003

Validation 2004 - 2008

Test 2009 - 2018

2.2.2 Persistence Model

The Persistence method assumes that streamflow remains constant over time, using today’s

observed value as the prediction for upcoming days (Ghimire & Krajewski, 2019). This

method uses the strong temporal autocorrelation typically found in short-term streamflow

data, making it a fair and simple method for short term streamflow forecasting. The

Persistence approach was used to serve as a baseline for comparing LSTM forecasting models.

For a streamflow observation Xt measured at time t, the persistence forecast at lead time

∆t can be expressed as (Ghimire & Krajewski, 2019):

X(t+∆t) = Xt . (2.1)

2.2.3 Baseflow separation

Eckhardt method (Eckhardt, 2004) was used to calculate baseflow in this study as per the

recommendation provided by Xie et al. (2020). The two-parameter (recession constant &

maximum baseflow index) digital filter equation for the Eckhardt method can be expressed

as:
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bk = (1 − BFImax)αbk−1 + (1 − α)BFImaxyk

(1 − BFImax) , (2.2)

where bt is the baseflow and ft is the total streamflow at tth time step. α is the recession

constant that can be found by recession analysis (Eckhardt, 2008). The maximum baseflow

index (BFImax) is determined based on field studies of hydrogeological characteristics.

According to Eckhardt (2008), BFImax values vary depending on stream and aquifer types:

it is 0.8 for perennial streams over porous aquifers, 0.5 for ephemeral streams over porous

aquifers, and 0.25 for perennial streams over hard rock aquifers.

To estimate the BFImax without conducting field investigations of hydrogeological

conditions, Collischonn and Fan (2012) proposed a backward filter method that relies on the

recession constant, written as:

bk−1 = bk

α
; bk ≤ yk . (2.3)

The daily streamflow is processed using the backward filter method derived from Eq. 2.3,

and BFImax is determined by the ratio of the maximum potential total baseflow to the total

streamflow. This backward filter method was used to compute distinct BFImax values for

each basin, partially capturing the variability in soil properties and spatial differences in

hydroclimatic factors.

This base flow separation method was used during the second experiment of this study

(which is explained in Subsection 2.2.4) to identify the non-baseflow periods for each basin

and evaluate the streamflow predictability of LSTM and Persistence in non-baseflow periods.
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2.2.4 Long Short-Term Memory (LSTM) network

Long-Short-Term Memory (LSTM) networks (Hochreiter & Schmidhuber, 1997) are a special

type of recurrent neural networks (RNNs) developed to capture long term dependencies in

sequential data. They utilize an internal memory cell that is dynamically updated through

gating mechanisms, including an input gate (regulating new information flow), a forget gate

(controlling memory retention), and an output gate (managing state-to-output transmission).

The structure of an LSTM unit is depicted in Figure 2.1.

Figure 2.1: Schematic architecture of a standard LSTM cell.

i[t], f [t], and o[t] in Figure 2.1 are the input gate, the forget gate, and the output gate,

respectively; g[t] is the cell input; and x[t] is the network input at the time step t. h[t − 1]

is the recurrent input; c[t − 1] is the cell state from the previous time step. tanh is the

hyperbolic tangent function, and (∗) indicates multiplication by elements. For a more detailed

description of LSTMs, especially in the context of rainfall-runoff modelling, refer to Kratzert,

Klotz, Shalev, et al. (2019).

In all Chapter 2, Chapter 3 and Chapter 4, I utilized NeuralHydrology, a Python

library designed for implementing deep learning models, such as LSTMs, in hydrological
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applications. Developed primarily for students and researchers, NeuralHydrology simplifies

the process of applying deep learning to rainfall-runoff modeling and other other problems

related to hydrology (Kratzert et al., 2022). Users can specify various configurations

of the model including input and target data, architecture, evaluation metrics, and

training/validation/testing periods through a straightforward YAML configuration file.

Table 2.2 and Table 2.3 show the meteorological forcing variables and catchment attributes

used as input data for the LSTM model.

Table 2.2: Dynamic inputs to the LSTM model.

Variable Unit

Total precipitation kg m−2

Air temperature K
Surface pressure Pa
Surface downward-longwave radiation W m−2

Surface downward-shortwave radiation W m−2

Specific humidity kg kg−1

Potential energy J kg−1

Potential evaporation J kg−1

Convective fraction -
u wind component m s−1

v wind component m s−1
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Table 2.3: Static inputs to the LSTM model.

Attribute Unit

Precipitation mean mm/day
Potential Evapotranspiration mean mm/day
Aridity index -
Precipitation seasonality -
Snow fraction -
High precipitation frequency days/year
High precipitation duration days
Low precipitation frequency days/year
Low precipitation duration days
Elevation meter above sea level
Slope m/km
Area km2

Forest fraction -
LAI (Leaf Area Index) max -
LAI (Leaf Area Index) difference -
GVF (Green Vegetation Fraction) max -
GVF (Green Vegetation Fraction) difference -
Soil depth (Pelletier) m
Soil depth (STATSGO) m
Soil Porosity -
Soil conductivity cm/hr
Max water content m
Sand fraction %
Silt fraction %
Clay fraction %
Carbonate rocks fraction -
Geological permeability m2
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Refer to Appendix A for descriptions of catchment attributes. These meteorological

forcing variables and catchment attributes are used in the benchmark LSTM model. The

model used all dynamic input variables within the look-back period up to tth day and made

the streamflow prediction of the tth day, as shown in Figure 2.2. For our first experiment,

past streamflow was incorporated as an additional dynamic input to the benchmark model.

For our second experiment, the model was set up to predict 1, 2 and 3 days ahead streamflow

separately.

Figure 2.2: Time windows of input variable sequences and the prediction (top panel)
first experiment (bottom panel) second experiment.

The benchmark LSTM model aligns with the Naive LSTM model investigated by Gauch et

al. (2021), the same hyperparameters they used were adopted for the benchmark model. When

we incorporated past streamflow as an additional dynamic input to the benchmark model,

the hyperparameters were tuned for the new model, focusing on only four hyperparameters

(Hidden Size, Output Dropout, Batch Size, Sequence Length). This decision was made

because extremely long input sequences significantly increase training time. All other

parameters and configuration settings remained consistent with those in Gauch et al. (2021)’s

study. For further details on hyperparameter tuning, please refer to Appendix B. The

18



2.2 Methodology

selected hyperparameter combination also remained the same for the second experiment.

NeuralHydrology (Kratzert et al., 2022), a python library which allows users to run deep

learning models was used in this study to set up LSTM models.

2.2.5 Evaluation metrics

Since single evaluation metric can not fully demonstrate the reliability and accuracy of

streamflow predictions, multiple evaluation metrics were considered to comprehensively

analyze and represent the results. The four evaluation metrics used in this Chapter are

Pearson Correlation Coefficient (r) =
∑n

i=1(ŷi − µŷ)∑n
i=1(yi − µy)√∑n

i=1(ŷi − µŷ)2∑n
i=1(yi − µy)2

, (2.4)

Nash Sutcliffe Efficiency (NSE) = 1 −
∑n

i=1 (yi − ŷi)2∑n
i=1 (yi − µy)2 , (2.5)

Kling Gupta Efficiency (KGE) = 1 −

√√√√(r − 1)2 +
(

σŷ

σy

− 1
)2

+
(

µŷ

µy

− 1
)2

, (2.6)

Mean Absolute Error (MAE) = 1
n

n∑
i=1

|yi − ŷi| , (2.7)

where yi and ŷi represent observed and predicted values respectively, while µ and σ represent

mean and standard deviation.
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2.3 Results & Discussion

2.3.1 Incorporating historical streamflow data as an input

Figure 2.3: NSE for LSTM model (left) without (right) with previous streamflow data
as an input.

The impact of including historical streamflow data as an input variable in LSTM models is

significant for streamflow prediction, leading to a notable improvement in model performance.

As seen in Figure 2.3, the integration of past streamflow data results in a notable increase in

NSE values across a large number of basins. Specifically, most basins located in the western

and eastern regions of the United States exhibit NSE values exceeding 0.8, indicating a high

degree of accuracy when incorporating this historical streamflow data. However, it’s worth

noting that not every basin demonstrates the same level of improvement, with certain areas

in the central, southern, and southwestern U.S. not showing enhanced NSE scores with this

additional data. This variability suggests that the effectiveness of historical streamflow data

as an input is not uniform across all regions, and other factors might be at play in those
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basins where the improvement is less significant.

Figure 2.4: USGS Hydrologic Unit Code (HUC) map for the Contiguous United States
(Incorporated & the Spatial Sciences Laboratory at Texas AM, 2023).

Figure 2.5: Spatially (HUC wise) averaged metrics (top) without (bottom) with past
streamflow data as an input.
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Further examination of spatially averaged metrics across 18 hydrological regions (Figure

2.4) within the Contiguous United States (CONUS), as shown in Figure 2.5, provides

additional support for the overall improvement in model performance. The three metrics used

(NSE, KGE, and r) show increases in all 18 regions when historical streamflow is considered in

the LSTM model. Regions such as HUC 7 through 10, and HUC 13, which initially presented

lower metric values, exhibit considerable gains in mean NSE and KGE. Conversely, areas

like HUC 12 and 15 continue to display relatively lower NSE and KGE scores, which implies

that the performance of the LSTM model in these regions might be limited by other factors

that require further investigation. These results emphasize the time-dependent nature of

streamflow, as evidenced by strong correlations between present and past streamflow values.

This is supported by the findings of Lin et al. (2024), who showed that lagged streamflow is

more influential on forecasting accuracy compared to lagged precipitation, further highlighting

the importance of using historical streamflow data in models.

The relationship between catchment characteristics and LSTM model performance metrics,

as analyzed in Figure 2.6, reveals some important insights. The heatmap highlights significant

correlation patterns within a specific subset of basins. Figure 2.7 identifies this subset of 364

basins out of 516 basins (more than 70% of the total) where LSTM performance shows a

strong correlation with certain catchment attributes.

22



2.3 Results & Discussion

Figure 2.6: Correlation between catchment attributes and performance metrics.

Figure 2.7: Basins with high correlation between LSTM performance and certain
catchment attributes.

Within this selected subset of basins, the performance metrics NSE, KGE, and r are
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highly positively correlated with the maximum monthly mean of green vegetation fraction

(GVF Max), the maximum monthly mean of leaf area index (LAI Max), and the fraction of

the catchment covered by forest. This suggests that LSTM models tend to perform better in

basins with higher vegetation density and forest cover. On the other hand, NSE, KGE, and r

are highly negatively correlated with the aridity index, low precipitation duration, and low

precipitation frequency. This indicates that LSTM models may struggle to accurately predict

streamflow in regions with arid conditions or where precipitation events are infrequent and

short in duration.

In simpler terms, within the selected subset of basins, the accuracy of LSTM streamflow

predictions is higher in basins with lower aridity, shorter and less frequent low precipitation

events, and greater vegetation and forest cover. Conversely, basins with arid conditions,

long and frequent low precipitation, and less vegetation tend to pose greater challenges for

LSTM models. These findings align with the understanding that catchment characteristics

significantly influence hydrological modelling (Addor et al., 2017; Kratzert, Klotz, Shalev, et

al., 2019) and highlight the importance of adapting models to the dominant characteristics of

a region. Gauch et al. (2021) demonstrated that LSTM models can handle a wide range of

input variables and catchment attributes, but these complex interactions can still impact the

accuracy of streamflow predictions.

Figure 2.8 illustrates the improved performance of the LSTM model when using past

streamflow as input. Most of the data points in the scatter plots, each representing an

individual basin, are positioned above the 1-to-1 line for NSE, KGE, and Pearson Correlation,

and below the 1-to-1 line for RMSE. This confirms that including historical streamflow data

leads to increases in NSE, KGE, and Pearson r values, as well as lower RMSE values.
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Figure 2.8: Comparison of performance metrics of LSTM models with (y axis) and
without (x axis) past streamflow as an input.

The cumulative distribution function (CDF) curves for NSE values, shown in Figure 2.9,

further illustrate that models incorporating past streamflow data show a higher frequency

of higher NSE values. For instance, the data show that when historical streamflow data

were included, over 60% of the basins achieved NSE values greater than 0.8, compared to

only about 20% when this input was not considered. These findings collectively underscore

the considerable positive influence that incorporating historical streamflow data has on the
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accuracy of streamflow predictions using LSTM models.

Figure 2.9: CDF for NSE of basins.
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2.3.2 Multiple days ahead streamflow forecasting using LSTM

Despite the overall strong performance of LSTM models when past streamflow is used as an

input, it’s also been observed that predictive accuracy diminishes with increasing forecast

lead times.

Figure 2.10: Baseflow change in different basins.

To evaluate the streamflow forecasting accuracy of LSTMs and Persistence, baseflow

27



2.3 Results & Discussion

periods for each basin were identified and only the non-baseflow periods were considered

when calculating evaluation metrics. Figure 2.10 depicts how baseflow changes with time in

a few different basins.

A comparison of the LSTM model performance against the Persistence model offers

additional context, particularly for multiple-day-ahead forecasts. The Persistence model

makes predictions by assuming the future streamflow would be same as the current streamflow.

As seen in Figure 2.11, the LSTM model, compared to the Persistence model, demonstrates

superior performance in terms of r, MAE and RMSE across all multiple-day-ahead forecasts.

However, the NSE does not show a clear advantage for the LSTM model except in one-day-

ahead forecasting. In fact, for two- and three-day-ahead streamflow forecasts, both models

yield negative NSE values in most basins, indicating unreliable predictions at longer lead

times with only a few exceptions among the 516 basins.
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Figure 2.11: Performance metric comparison between LSTM and Persistence (1st row)
NSE (2nd row) Pearson Correlation (3rd row) MAE (4th row) RMSE (1st column) one
day ahead (2nd column) 2 days ahead (3rd column) 3 days ahead forecast.
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Figure 2.12 and Figure 2.13 illustrate again the substantial decline in NSE values of

both Persistence and LSTM models as the forecast lead time increases. For instance, when

predicting current-day streamflow, NSE value of LSTM model remain above 0.7 for more

than 76% of the basins, but that decreases to around 31% for one-day-ahead forecasts, and

further down to about 14% & 10% for two and three-days ahead forecasts respectively. On

the other hand, 21% of basins have NSE of Persistence higher than 0.7 for one-day-ahead

forecasts, but that percentage decreases to around 12% & 9% for two and three-days ahead

forecasts respectively. As shown in both Figure 2.11 and Figure 2.12, the LSTM outperforms

the Persistence model in one-day-ahead forecasts. However, both models performed poorly in

most basins for two-day and three-day-ahead forecasts.

Figure 2.12: NSE drop in LSTM and Persistence models as the lead time increases.
Rows represent percentage of basins that exhibits NSE higher than certain NSE levels.
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Figure 2.13: Observed & forecasted hydrograph comparison with different lead times
(Basin ID : 02371500 , Area : 1292.79 km2).
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2.4 Conclusion

The findings of this study offer valuable insights into the use of LSTM networks for streamflow

prediction. One of the most significant conclusions is the critical role of incorporating historical

streamflow data as an input feature in LSTM models. The study demonstrates that including

past streamflow information leads to a substantial enhancement in the performance of these

models. This improvement is particularly noticeable in river basins situated in the western

and eastern regions of the United States, where the inclusion of historical data results in

significant gains in NSE values. This highlights the inherent temporal dependencies within

streamflow series, where past values strongly influence present and future streamflow.

However, the effectiveness of incorporating historical streamflow data is not uniform

across all geographical regions. Certain basins in the central, southern, and southwestern

U.S. did not exhibit the same level of improvement in NSE scores with the addition of the

historical streamflow data. This suggests that while past streamflow is generally a crucial

predictor, other catchment-specific factors might play a more dominant role in these regions.

Furthermore, the study reveals the influence of catchment characteristics on the

performance of LSTM models. Specifically, the aridity index, as well as low precipitation

duration and frequency, show a negative correlation with LSTM performance metrics. This

indicates that LSTM models may face challenges in accurately predicting streamflow in basins

characterized by arid conditions and infrequent or short precipitation events. Conversely, the

fraction of forest and vegetation cover exhibits a positive correlation with LSTM performance.

This suggests that LSTM models tend to perform better in basins with higher vegetation

density and more extensive forest cover. These findings underscore the importance of

considering the hydrological setting and dominant characteristics of a region when developing
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and implementing streamflow prediction models.

Another key finding pertains to the forecasting capability of LSTM models over different

lead times. While LSTM models demonstrate strong performance in predicting same-day

streamflow, their accuracy tends to decrease as the forecast lead time increases. This decline

in performance with longer lead times suggests a limitation inherent in data-driven approaches

that rely solely on historical data.

In comparison to the Persistence model, which assumes future streamflow would be same

as the current streamflow, the LSTM model shows better performance for one-day-ahead

forecasting in terms of NSE. Notably, for two- and three-day-ahead streamflow forecasts,

both the LSTM and the Persistence models struggle, often resulting negative NSE values for

most basins, indicating unreliable predictions at these longer lead times. This highlights the

significant challenge of using data-driven methods solely relying on historical forcing data,

alone for streamflow forecasting beyond very short time frames.

Overall, the study reinforces the potential of LSTM models as a powerful tool for

streamflow prediction, particularly when historical streamflow data is incorporated. However,

the findings also emphasize that relying solely on historical forcing data in LSTM models has

inherent limitations, especially when forecasting streamflow at longer lead times.

To overcome these limitations, future research could explore incorporating forecasted

forcing data (such as future precipitation and temperature) into LSTM models, which has the

potential to enhance their performance in longer-term streamflow forecasting. Additionally,

the development and investigation of hybrid models that combine the strengths of data-driven

approaches like LSTM with physically based hydrological models could offer a promising

avenue for achieving more accurate and reliable streamflow predictions across various time

scales. Addressing these challenges and exploring these potential improvements are essential
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for advancing the field of streamflow prediction and supporting effective water resource

management in diverse hydrological settings.
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Chapter 3

The Effect of Noisy Precipitation

Inputs on Streamflow Predictability of

LSTMs

3.1 Introduction & Background

An accurate prediction of streamflow is critical for effective water resource management,

flood forecasting, and a variety of other applications (Hunt et al., 2022; Nifa et al., 2023).

Hydrological models are essential tools, simulating the movement of water through the

hydrological cycle and predicting streamflow based on various inputs (Kratzert et al., 2018;

Lafon et al., 2013). These models range from simple conceptual models to complex physically

based models, each with its own set of assumptions and limitations (Arsenault et al., 2023;

Hong et al., 2006). However, a common challenge across all types of hydrological models is

the inherent uncertainty associated with their inputs, parameters, and structure (Huard &
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Mailhot, 2006; Pathiraja et al., 2018).

Precipitation, as the primary driver of the hydrological cycle, plays a crucial role in

streamflow generation (Lafon et al., 2013). Accurate and reliable precipitation data are

therefore essential for hydrological modelling and streamflow prediction. Precipitation data

can be obtained from various sources, including ground-based rain gauges, weather radar,

and satellite remote sensing (Hong et al., 2006). However, each of these sources has its

own limitations and uncertainties, such as spatial distribution issues, measurement errors,

and resolution constraints (Vergara et al., 2014). Rain gauges, while providing direct

measurements of rainfall at a point, can be sparse and unevenly distributed, particularly

in mountainous or remote regions (Feng et al., 2021; Lafon et al., 2013). Weather radar,

on the other hand, can provide spatially continuous estimates of rainfall but is subject

to errors due to beam broadening, attenuation, and ground clutter (Vergara et al., 2014).

Satellite-based precipitation estimates offer global coverage but often have coarse spatial and

temporal resolutions. Additionally, they may be affected by errors due to cloud cover, sensor

limitations, and retrieval algorithms (Hong et al., 2006; Vergara et al., 2014).

Errors in precipitation data could significantly impact the accuracy of streamflow

predictions. Overestimation or underestimation of rainfall can lead to corresponding errors

in simulated streamflow, affecting flood forecasts, water supply estimates, and other critical

decisions. Therefore, it is essential to account for the uncertainty in precipitation data when

using hydrological models for streamflow prediction (Hong et al., 2006; Pathiraja et al., 2018;

Vergara et al., 2014).

In recent years, machine learning (ML) techniques, particularly Long Short-Term Memory

(LSTM) networks, have emerged as promising tools for hydrological modelling and streamflow

prediction (Arsenault et al., 2023). LSTMs are a type of recurrent neural network (RNN) that
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can effectively capture the temporal dependencies in sequential data, making them well-suited

for modeling the complex dynamics of the hydrological cycle (Hunt et al., 2022). Several

studies have demonstrated the ability of LSTMs to achieve state-of-the-art performance in

streamflow prediction, often outperforming traditional hydrological models (Feng et al., 2021;

Kratzert, Klotz, Herrnegger, et al., 2019; Kratzert, Klotz, Shalev, et al., 2019; Nifa et al.,

2023).

LSTMs can learn complex relationships between precipitation inputs and streamflow

outputs (Feng et al., 2021). They can also incorporate other relevant inputs, such as

temperature, solar radiation, and catchment characteristics, to improve their predictive

accuracy (Kratzert, Klotz, Herrnegger, et al., 2019; Kratzert, Klotz, Shalev, et al.,

2019). Furthermore, LSTMs can be trained on large datasets of historical streamflow

and meteorological data, allowing them to capture a wide range of hydrological conditions

and adapt to changing climate patterns (Feng et al., 2021; Nifa et al., 2023).

Despite their advantages, LSTMs still face challenges because of uncertainty in

precipitation data (Frame et al., 2021). While LSTMs can learn to filter out some of

the noise in the inputs, their performance can still be degraded by significant errors in

precipitation estimates. Therefore, it is important to investigate the sensitivity of LSTMs

to precipitation errors and to develop strategies for mitigating their impact on streamflow

predictions (S. Liu et al., 2023).

Many studies have explored the impact of precipitation errors on hydrological modelling

and streamflow prediction. Hong et al. (2006) evaluated the influence of precipitation error

on streamflow forecasting uncertainty using a conceptual rainfall-runoff model and a Monte

Carlo simulation approach. They found that the error in precipitation data could significantly

affect the accuracy of streamflow forecasts, particularly during extreme events.
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Kratzert et al. (2021) investigated the effect of different meteorological forcing products

on the performance of LSTMs for streamflow prediction. They found that the forcing

product choice could significantly affect the accuracy of streamflow predictions, highlighting

the importance of using accurate precipitation data. Pathiraja et al. (2018) proposed a

data-driven framework for estimating model uncertainty in hydrologic data assimilation.

They used kernel conditional density estimation to estimate the probability density of model

errors and found that their approach improved the accuracy of streamflow forecasts. S. Liu et

al. (2023) stated that noises/errors observations consequently affect streamflow predictions,

underscoring their sensitivity to input variability. This finding is supported by Frame et al.

(2021), who observed that errors in atmospheric forcings, primarily precipitation, significantly

affect the accuracy of LSTM streamflow predictions using data from the National Water

Model (NWM).

Despite the advances in LSTM hydrological modelling, the challenge of streamflow

prediction using noisy precipitation inputs remains an active area of research. The goal of

this study is to evaluate the performance of LSTM models for streamflow prediction when

the model is fed with noisy precipitation data. This study aims to address the following key

questions:

• How does the introduction of noise in precipitation input data affect the accuracy of

LSTM models for streamflow prediction?

• Are there specific regions or basins where LSTM models are more sensitive to

precipitation noise?

• Can LSTM models effectively identify and filter out precipitation errors?

By addressing these questions, this study aims to provide valuable insights into the
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capabilities and limitations of LSTM models for streamflow prediction under real-world

conditions, where precipitation data is often subject to various sources of error and uncertainty.

The findings of this study might help guiding the development of more robust and reliable

hydrological models for water resource management and flood risk assessment.
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3.2 Methodology

3.2.1 Data

In this study, the same dataset utilized in Chapter 2 was used. Specifically, the dataset

includes observed streamflow data, meteorological forcing data, and catchment attributes,

all of which were sourced from the publicly available data repository associated with the

study by Gauch et al. (2021). The observed streamflow data were originally from the United

States Geological Survey (USGS) National Water Information System (NWIS), a reliable and

widely used source for hydrological data in the United States. The meteorological forcing

data were originally from the NLDAS-2 (North American Land Data Assimilation System)

product (Xia et al., 2012). Additionally, the catchment attributes were originally sourced

from the CAMELS-US dataset (Newman et al., 2015), which offers a comprehensive set of

physical and climatic characteristics for 671 catchments across the United States.

3.2.2 LSTM model Set-Up

Dynamic inputs (except the precipitation) and static inputs and the temporal splitting of

data for model training, validation, and testing of the LSTM model remained unchanged

from the LSTM model which was simulated with historical streamflow data in Chapter 2

to maintain consistency in the experimental setup. The LSTM network architecture used

in Chapter 2 was also retained in this study, with minor modifications. Specifically, noise

was introduced to the last three days of precipitation (P ) inputs to investigate the model’s

sensitivity to uncertainties in the input data. The noise (ε) at time step t was characterized

as:
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Pt−i(modified) = Pt−i(observed)
(

1 ± ε

100

)
, (3.1)

where i ∈ {0, 1, 2}, ε ∼ uniform(0, r), and r ∈ {10, 30, 50}.

Three distinct scenarios were considered, each corresponding to different maximum noise

levels: 10%, 30%, and 50%. In each scenario, precipitation data for three days was modified

using Eq. 3.1. Additionally, within each scenario, the modification was applied in two different

ways:

1⃝ Testing Period Only: The modification was applied exclusively to the precipitation

inputs during the testing period,

2⃝ Training and Testing Periods: The modification was applied to the precipitation

inputs in both the training and testing periods.

Figure 3.1: Flowchart of the methodology.
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This approach resulted in a total of six different scenarios being analyzed. Due to time

constraints, the hyperparameters of the LSTM network, which were previously tuned in

Chapter 2, were reused across all scenarios to maintain consistency and comparability. The

LSTM structure used in this study is designed only to predict 1 day of streamflow at a time,

following the previous 365 days of the dynamic inputs as shown in Figure 3.2.

Figure 3.2: Time windows of look-back period and the prediction.

3.2.3 Evaluation Metrics

The performance of LSTM streamflow predictions was evaluated using Nash-Sutcliffe Efficiency

(NSE) and Mean Absolute Percentage Error (MAPE). The Figure 3.13 highlights this subset

of 384 basins out of 516 basins (more than 74% of the total) where LSTM’s sensitivity strongly

correlates with certain catchment attributes. MAPE which is defined as the average absolute

percentage difference between predicted values and observed values, can be expressed as:

MAPE = 1
n

n∑
i=1

∣∣∣∣∣yi − ŷi

yi

∣∣∣∣∣× 100% , (3.2)

where yi and ŷi represent the observed and predicted values, respectively, while ȳi is the mean
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of yi.

To analyze how the MAPE (y) increases with precipitation noise (x) across different

basins, the MAPE values for each basin were fitted to a curve of the form y = a + bxc, where

a, b, and c are parameters specific to each basin. To provide a clearer comparison of how

MAPE changes with precipitation noise in different basins, the curve y = bxc was plotted for

each basin, excluding the parameter a (interception). To quantify the sensitivity of LSTM

model performance to precipitation noise, a new metric k was introduced. This metric k is

defined as a function of two components:

i. Cumulative MAPE Increment (A): The total increase in MAPE across all noise levels,

ii. Rate of MAPE Increment at Maximum Noise Level (S50): The rate at which MAPE

increases at the highest noise level (50%).

The definition of k can be written as:

k = normalize
(
AαSβ

50

)
, k ∈ [0, 1] , (3.3)

A =
∫ 50

0
bxc dx =

(
b

c + 1

)
× 50c+1 , (3.4)

S50 = dy

dx

∣∣∣∣∣
x=50

= 50c+1bc . (3.5)

To identify optimal values for α & β that suit well across all basins, a basin exhibiting a

25% MAPE increase (or decrease) at 50% noisy precipitation, with a ±0.5% MAPE increment

rate, was selected as a moderately sensitive basin. The parameters α & β were then iteratively

adjusted until the sensitivity k for that basin reach 0.5. The metric k thus captures both

the overall sensitivity of the LSTM model to noise and how rapidly the error grows as noise
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reaches its maximum level. This provides a comprehensive measure of the model’s sensitivity

to precipitation noise.
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3.3 Results & Discussion

3.3.1 Training & Testing LSTMs with noisy precipitation

The main question addressed whether LSTMs could identify precipitation errors and predict

streamflow without affecting their performance when trained with erroneous precipitation

inputs. Figure 3.3 presents the NSE of streamflow predictions across all basins for varying

noise levels in precipitation inputs, comparing the model’s performance with and without

noisy precipitation inputs. The right column of Figure 3.3 illustrates this comparison.

The results indicate that the introduction of noise in the precipitation input data generally

leads to a decline in the LSTMs’ performance for streamflow predictions across most basins.

Interestingly, the extent of this performance drop does not vary significantly across different

noise levels in precipitation. Surprisingly, there are a few basins where LSTMs perform better

with noisy precipitation inputs. However, most basins still exhibit relatively high NSE values,

even with 50% noise in the precipitation inputs. In general, basins with poorer performance

are mainly located in the central and eastern regions of the United States. This suggests

that the geographical location and regional climate characteristics may influence the model’s

sensitivity to noisy data.
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Figure 3.3: (Left column) NSE for streamflow predictions from LSTM trained & tested
with noisy precipitation, (Right column) NSE comparison: “no noise in inputs” (x axis)
vs “trained & tested with noise” (y axis), (Rows) represent different noise levels.
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Figure 3.4 presents the NSE results when the model is tested (but not trained) with

erroneous precipitation inputs. The subplots in the right column of Figure 3.4 compare

the LSTM performance between scenarios where the model is trained and not trained with

noisy precipitation inputs. The results indicate a significant decline in LSTM performance

across most basins compared to when the model was both trained and tested with noisy

precipitation inputs. Examining the spatial distribution of LSTM performance reveals that

the eastern half of the US is particularly affected by the introduction of noise in the testing

inputs. This demonstrates that training and testing with noisy precipitation inputs yields

better results than just testing LSTMs with noisy precipitation inputs alone.
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Figure 3.4: (Left column) NSE for streamflow predictions from LSTM only tested
with noisy precipitation, (Right column) NSE comparison: “only tested with noise” (x
axis) vs “trained & tested with noise” (y axis), (Rows) represent different noise levels.
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Figure 4.7 illustrates the percentage of basins, out of the 516 considered in this study,

that exceed specific higher NSE values when the LSTM model is trained and tested with

noisy precipitation inputs. For instance, more than 55% of the 516 basins achieve an NSE

higher than 0.7, even with a 50% noise level in the input precipitation data. This can be

regarded as a notably strong performance in streamflow predictions. This underscores the

resilience of LSTMs in capturing streamflow dynamics even when trained with significant

levels of noise in precipitation.

Figure 3.5: Percentage of total basins that exhibit higher NSE for different noise levels
in precipitation.

49



3.3 Results & Discussion

3.3.2 Mean Absolute Percentage Error (MAPE) in Peak Flows

Figure 3.6 presents the MAPE of LSTM peak flow predictions when the model was trained

and tested using noisy precipitation inputs. A similar performance pattern to that of the

NSE can be observed. The peak flow MAPE does not significantly vary as the noise level in

precipitation increases. However, most basins exhibit a MAPE exceeding 10%, with some

reaching up to 100%, except for a few basins in the mid-western half of the United States,

which show very low peak flow MAPE.

The right column of Figure 3.6 compares the peak flow MAPE between LSTM models

with and without noisy precipitation inputs. For most basins, the peak flow MAPE falls

within the 1-to-1 (red) and 1-to-2.5 (green) lines, indicating that the MAPE can increase by

0 to 150% when noisy precipitation data is introduced into the model. Interestingly, there are

a few basins where the addition of noise to the precipitation input data results in a decrease

in peak flow MAPE.
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Figure 3.6: (Left column) MAPE for peak flow predictions from LSTM trained &
tested with noisy precipitation, (Right column) Peak flow MAPE comparison: “no noise
in inputs” (x axis) vs “trained & tested with noise” (y axis), (Rows) represent different
noise levels.
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3.3.3 Mean Absolute Percentage Error (MAPE) in Total Flows

Figure 3.7 illustrates the MAPE of LSTM streamflow predictions. Compared to the peak

flow MAPE, a greater number of dark blue scatters are observed, indicating that more basins

exhibit MAPE values exceeding 100% when considering the entire streamflow time series.

In contrast, certain basins in the eastern United States, represented by light green scatters,

demonstrate lower MAPE values than their peak flow MAPE counterparts.

The right column of Figure 3.7 compares the peak flow MAPE between LSTM models

with and without noisy precipitation inputs. A notable observation is that most of the

basins fall within the 1-to-1 and 1-to-2 lines, suggesting that the increase in MAPE due to

the introduction of noise in precipitation is generally less pronounced than the increase in

peak flow MAPE. Additionally, the scatters are more densely concentrated within the 0 to

40% MAPE range on the (y) axis, indicating that the increment in MAPE is relatively low

compared to the increment in peak flow MAPE. Therefore, the performance of the LSTM

model can be interpreted slightly differently depending on the specific metric being evaluated.
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Figure 3.7: (Left column) MAPE for streamflow predictions from LSTM trained &
tested with noisy precipitation, (Right column) Streamflow MAPE comparison: “no
noise in inputs” (x axis) vs “trained & tested with noise” (y axis), (Rows) represent
different noise levels.

53



3.3 Results & Discussion

3.3.4 Sensitivity of LSTM to the Noise in Precipitation in Different

Basins

Figure 3.8 illustrates how the MAPE of LSTM streamflow predictions across different basins

varies with the tested noise range in precipitation input data. Each best-fit curve (y = bxc

excluding a (interception) for clearer comparison) corresponds to a specific basin. As depicted

in the Figure 3.8, the sensitivity of LSTM predictions to noise in precipitation inputs varies

differently as the noise level increases. Most basins exhibit high resistance to noise in

precipitation, maintaining their MAPE increment at a very low level. As previously observed,

these basins limit their MAPE increment to around 40%. However, a significant number

of basins show a substantial increase in MAPE due to higher b and c parameters in their

best-fit curves.

Figure 3.8: (Left) MAPE change in streamflow with noise level in precipitation &
(Right) PDF of model sensitivity (k).
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Figure 3.9 presents the Probability Density Function (PDF) of the R2 values of the

best-fit curves. While most basins have an R2 value of around 0.94, approximately 30% of

the basins have an R2 value less than 0.7, indicating that the sensitivity of these basins to

noise in precipitation input data is not well captured by the best-fit curves in Figure 3.8.

Figure 3.9: PDF for R2 values of best fit curves in Figure 3.8.

Additionally, Figure 3.8 includes the PDF of parameter k, which is a function of both

the accumulated MAPE increase (area under the curve) and the slope of the curve at 50%.

Optimal values for α & β in Eq. 3.3 were determined to be 0.2 and 0.1, respectively, by

assuming that y = 0.5x curve (or line) represents a moderately sensitive (k = 0.5) basin.

Figure 3.10 demonstrates that LSTM performance in most basins exhibits limited

sensitivity to the tested noise levels in precipitation input data. Specifically, 73% of the basins

show less than moderate sensitivity, indicating that the model performance in those basins

remains resilient to varying noise levels of precipitation input data. Figure 3.11 displays the

sensitivity k for each basin, providing further insight into the spatial variability of LSTM

sensitivity across different basins.
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Figure 3.10: Percentage of basins with k lower than certain low k values.

Figure 3.11: Spatial variability of LSTM’s performance sensitivity (k) to noise in
precipitation.
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The observation that LSTM models exhibit varying degrees of sensitivity to noisy

precipitation data across different basins underscores the importance of considering regional

and catchment-specific characteristics in hydrological modelling. Figure 3.12 presents how

the sensitivity of LSTM to the noise in precipitation is correlated with catchment attributes

within a specific subset of basins.

Figure 3.12: Correlation between LSTM sensitivity (k) and catchment attributes.
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Figure 3.13: Subset of basins that exhibit a higher correlation between models’
sensitivity (k) and catchment attributes.

Figure 3.13 highlights this subset of 384 basins out of 516 basins (more than 74% of

the total) where LSTM’s sensitivity strongly correlates with certain catchment attributes.

Within the selected subset of basins, the LSTM’s sensitivity is higher in basins with higher

aridity, more frequent high and low precipitation events, lower precipitation mean, and less

vegetation and forest cover. Conversely, basins with humid conditions, less frequent high and

low precipitation events, higher precipitation mean, and greater vegetation and forest cover

tend to be less sensitive to the noise in precipitation input data. This makes sense because

basins with greater vegetation and forest cover experience higher canopy interception, which

likely mitigates the impact of noise in precipitation input data on runoff response. On the

other hand, basins with humid conditions, less frequent extreme precipitation events, and

higher average precipitation tend to experience more consistent medium precipitation events,
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leading to a stable long-term rainfall-runoff response. This stability likely allows the LSTM

to effectively filter out short-term noise in precipitation data, as the model can rely on the

overall consistency of the hydrological system.

Furthermore, the structure and hyperparameters of the LSTM model itself can play a

role in determining its sensitivity to noisy data. Overall, results have shown that while

LSTMs are generally robust, their performance can be affected by noise in precipitation

data, particularly when the models are not trained with such data. The sensitivity varies by

region and catchment characteristics, highlighting the need to tailor the model configuration

carefully.
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3.4 Conclusion

The findings of this study contribute important insights into the robustness of LSTM networks

in handling noisy precipitation inputs for streamflow prediction. While traditional hydrological

models are often highly sensitive to errors in precipitation data (Hong et al., 2006), LSTMs

demonstrate a notable ability to maintain reliable performance even under significant noise

levels. However, the degree of sensitivity varies across basins, emphasizing the role of regional

characteristics and the importance of tailored model training.

A key finding is that training LSTMs with noisy precipitation data enhances their ability

to predict streamflow during testing. When the model was exposed to noise during both

training and testing, performance declines in metrics like NSE were less severe compared to

scenarios where noise was introduced only during testing. This suggests that LSTMs can

adapt to input uncertainties when trained under realistic, imperfect conditions. This is a

critical advantage for regions with error-prone precipitation measurements.

The study also reveals slight differences in performance metrics. While MAPE change for

total streamflow ranges mostly up to 100%, MAPE for peak flows showed greater variability

than 100%. This difference implies that LSTMs prioritize overall hydrological trends over

precise peak flow predictions when faced with noisy inputs. Such behaviour could be

advantageous for applications like water resource planning, where long-term trends matter

more than instantaneous peaks. However, it also signals a limitation for flood forecasting,

where accurate peak predictions are critical. These outcomes match with Kratzert et al.

(2021), who emphasized that model performance depends heavily on the chosen evaluation

metric.

Additionally, the finding that over 55% of basins maintained NSE values above 0.7 even at
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50% noise suggests that LSTMs could outperform traditional models in basins with imperfect

data. This is particularly relevant for ungauged basins, where data quality is often a limiting

factor (Arsenault et al., 2023). Another notable insight is the variability in sensitivity across

basins, as quantified by the parameter k. While most basins exhibited low sensitivity, a

subset experienced a significant performance decline with increasing noise. This variability

underscores the influence of catchment-specific factors on model performance. The sensitivity

parameter k appears to be strongly influenced by catchment characteristics, such as the

frequency of high and low precipitation events, mean precipitation, aridity, and vegetation

or forest cover. These factors may serve as physical drivers of LSTM resilience to noisy

precipitation inputs. Additionally, the resilience observed in most basins suggests that LSTMs

can effectively filter out noise when catchment dynamics align well with the model’s learned

patterns. To further enhance robustness, these insights could be integrated into tailored

training strategies or hybrid approaches that combine LSTMs with physical models.

Another point to highlight is why certain basins perform better with noisy inputs. It

can be concluded that in these basins, LSTMs generalize better from noisy data when

exposed to such data during training. This agrees with the findings of Arsenault et al. (2023)

that noise regularization during training leads to smoother density estimates and improved

generalization. This indicates that LSTMs can learn underlying patterns even from imperfect

data, provided they are trained with similar imperfections. Additionally, ensemble methods,

as proposed by Feng et al. (2021), could improve LSTMs by quantifying prediction uncertainty

and improving reliability.

However, the study’s limitations must be mentioned. The use of uniformly distributed

noise may not fully replicate errors in real-world precipitation estimates, which often exhibit

spatial correlation or systematic biases (Lafon et al., 2013). Furthermore, noise was applied
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only to the last three days of precipitation data, whereas longer-term errors could have

compounding effects on model predictions. Future work could explore diverse noise structures,

such as temporally correlated errors or region-specific bias patterns, to better mimic real-world

input data uncertainties.

In conclusion, this study reinforces the potential of LSTMs as a competent tool for

streamflow prediction under noisy data conditions. Their ability to generalize from imperfect

inputs, along with their adaptability to regional variations, presents them as a viable

alternative to traditional hydrological models. However, successful deployment requires

careful consideration of tailored model configurations, noise characteristics, and the selection

of performance evaluation metrics. By addressing these challenges in future research, LSTMs

could be an important approach to improving hydrological forecasts and global water resource

management.
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Chapter 4

Interpolation & Extrapolation in

Streamflow Forecasting in Stationary

& Non-Stationary Scenarios using

LSTMs

4.1 Introduction & Background

Recent studies have shown that machine learning (ML) models, such as LSTMs, GRUs,

and Transformers, perform more reliably in streamflow prediction tests (both hindcasts

and forecasts) compared to complex high-resolution hydrological models (Demiray et al.,

2024). This challenges the long-held assumption that a deeper understanding of hydrological

processes would automatically lead to better streamflow predictions, including floods and

droughts. However, while ML models excel in many cases, their reliability and performance in
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situations beyond their training data, such as extreme or unseen conditions, remain uncertain

(Beven, 2024).

In a recent study, Gurbuz et al. (2024) proposed and tested a methodology to benchmark

data-driven algorithms for streamflow prediction creating artificially generated streamflow data

using physically based hydrological models under very controlled conditions. Their approach

considered the implementation of the Hillslope-Link distributed hydrological Model (HLM)

for a 4,385 km2 basin forced by storms generated using the stochastic storm transposition

(SST) framework. Gurbuz Gurbuz et al. (2024) demonstrated that ML algorithms can

effectively identify the input-output relations between the average rainfall over a basin and

the streamflow (as time series) at multiple sub-basin outlets under very general conditions of

space-time variability of flood-generating storm systems.

In this study, the work by Gurbuz et al. (2024) is extended to ask a new question: How

reliable are trained ML algorithms at predicting streamflow fluctuations that have never

been observed in the “historical” record? This question goes to the heart of what these

black/grey-box tools represent mathematically: a deterministic estimate for the input-output

relationship between meteorological forcings and streamflow. Consequently, when any of these

grey/black-box models predict a hydrograph, there are two possible cases for the prediction,

1) interpolation, which means that the hydrograph and peak flow being predicted are within

the range of flows and meteorological conditions observed in the past, and 2) extrapolation,

the case where the event being predicted is significantly larger or smaller than anything

observed in the past. This investigation is crucial in the context of climate change, where

increasing atmospheric water-holding capacity leads to unprecedented record-breaking storms

in intensity, duration, and spatial coverage, and where the anticipated response of watersheds

remains unknown. ML is already being used to fill this knowledge gap under the implicit
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premise that “if it served us well in the past, it shall serve us well in the future.”

Several studies have directly tackled the ability of ML models to extrapolate to extreme

hydrological events. Frame et al. (2021) conducted a study specifically to test the hypothesis

that data-driven models become less reliable in extreme events compared to process-based

models. They trained LSTM and mass-conserving LSTM (MC-LSTM) models, along with

conceptual and process-based models, and evaluated their performance on high-return-period

streamflow events. Their findings contradicted the initial hypothesis, indicating that the

data-driven models, including both pure ML and physics-informed ML models, performed

better at predicting peak flows across almost all conditions, even for extreme events that

were not included in the training data. This suggests a strong generalization capability of

modern deep learning models for the prediction of extreme events. The study partitioned

data according to frequency of occurrence, using the discharge of the 5-year return period as

a threshold for training and testing.

Acuña Espinoza et al. (2025) also investigated the generalization capabilities of data-driven,

hybrid, and conceptual models for predicting extreme hydrological events. They followed a

methodology similar to Frame et al. (2021). Their experiments involved evaluating model

performance for peak flows. While their study did not offer a definitive conclusion on one

architecture being significantly better than another in all scenarios, they systematically tested

the models’ ability to handle increasingly extreme events.

Song et al. (2025) focused on generalizing hybrid models combining deep learning with

process-based equations (differentiable models) to extreme floods outside the training data.

They conducted temporal extrapolation tests by training models on water years with lower

return period flows and holding out years with higher return periods. Their results indicated

that these hybrid models could generalize reasonably well to unseen extreme events and that
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incorporating interpretable structural priors could further improve this generalizability. This

highlights the potential of integrating physical knowledge into deep learning architectures to

enhance their reliability in extrapolating to unseen conditions.

These studies suggest that modern deep learning models, and increasingly hybrid

approaches, demonstrate a promising ability to predict streamflow fluctuations outside

of their training range, including extreme events. For further understanding the capabilities

and limitations of ML algorithms in predicting truly unseen hydrological events, the question

of interpolation vs. extrapolation is addressed by creating three scenarios of data generation

where 1845 generated storms were applied to the HLM model to create an artificial record of

streamflow data for 101 consecutive years. The first case is the Stationary scenario, where

the generated storms were applied randomly in time; the second case is a Non-Stationary

scenario with increasing precipitation (NS-Increasing), where the smallest generated storms

were applied first and the largest were applied last; and the third case is a Non-Stationary

scenario with decreasing precipitation (NS-Decreasing) where the storms were applied from

largest to smallest.

In this Chapter, Section 4.2 describes the study area, watershed characteristics, the setup

of the SST framework, the high-resolution HLM model, and the ML model used to predict

the artificially generated data. Moreover, it describe the experimental design to create the

Stationary and Non-Stationary scenarios and details about the resampling of data. Section

4.3 presents the numerical experiment results and the discussion of results. Finally, Section

4.4 presents the conclusions of this study.
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4.2 Methodology

4.2.1 Study area

The Turkey River Basin (Figure 4.1) is a significant hydrological region spanning 4,385 km2. It

hosts multiple streamflow gauging stations, including the most downstream station at Garber

and four sub-catchments in Littleport, Elkader, Eldorado, and Spillville. These stations

provide crucial hydrological modelling, flood forecasting, and water resource management

data. Several studies have implemented hydrological models of different degrees of complexity

for this region (Politano et al., 2023) that provide a high level of accuracy in hindcast

streamflow evaluations. In particular, the performance of the HLM model has been tested in

several studies. The HLM model decomposes the basin into 237,000 individual hillslope-scale

control volumes (∼0.02 km2), providing a high-resolution characterization of the network of

natural and engineered features that regulate water flow, soil moisture dynamics, and erosion

patterns. This watershed was used by Perez et al. (2019) to study various processes affecting

peak flow response; it has been used to assess the impact of storm spatial and temporal

details (Zhu et al., 2018); and to determine climate-driven changes in snowmelt and soil

moisture seasonality (Yu et al., 2019) on peak flow patterns. The basin is typically further

subdivided into sub-watersheds determined by the location of the USGS streamflow gauges

in the basin. This partitioning was preserved in this study because it represents a typical

scenario where grey/black box models are implemented and tested. The description of each

sub-watershed is provided in Table 4.1.
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Figure 4.1: Map of the Turkey River Watershed in Iowa and its sub-catchments
(Gurbuz et al., 2024).

Table 4.1: Description of Turkey River Watershed along with its sub-catchment.

Catchment Description Link ID Area (km2)

Spillville Turkey River at Spillville 483619 458.8
Littleport Volga River at Littleport 399711 909.2
Eldorado Turkey River near Eldorado 434365 1667.3
Elkader Turkey River above French Hollow Creek

at Elkader

434478 2359.5

Garber Turkey River at Garber 434514 4031.8
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4.2.2 Rainfall Data

The SST framework, implemented through the RainyDay software (Wright et al., 2017), was

used to generate a catalog of synthetic, yet realistic, storm events for the Turkey River Basin.

The SST method works by resampling and spatially transposing observed rainfall events from

a surrounding domain (A′). In brief, the generation of synthetic-realistic storms through

RainyDay consists of five key steps: (1) defining the transposition domain A′, (2) creating a

storm catalogue from the largest observed storms in the domain, (3) randomly determining

the number of storms per year using a Poisson distribution (with a rate of 20 storms per

year), (4) randomly selecting storms from the catalogue, and (5) spatially transposing the

selected storms in both east-west and north-south directions to generate new rainfall fields.

Steps 4 and 5 can be repeated Tmax times to then generate Tmax number of synthetically

realistic storm events. A transposition region defined by latitudes from 40.2◦N to 45◦N and

longitudes from 90.2◦W to 96.7◦W along with the April–November Stage IV rainfall data

from 2002 to 2018 (Du, 2011) to select the largest 300, non-overlapping storm events based

on rainfall accumulation over durations of up to 72 hours were used for Turkey River basin.

Then, (Tmax =) 10,000 storm events were generated. By transposing storms across a broad

region, this method leverages the space-for-time trade-off, allowing rare and extreme rainfall

events that may not have been observed locally to be represented. This approach enables a

more comprehensive analysis of extreme storm impacts and provides a robust foundation for

flood frequency analysis and risk assessment. For more information on the SST methodology,

please refer to Wright et al. (2017) and Gurbuz et al. (2024).
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4.2.3 Hydrological Digital-Twin

The Hillslope-Link Model (HLM) was used as the best representation of the hydrological

system for the Turkey River Basin, serving as a digital twin to conduct simulations under

both Stationary and Non-Stationary scenarios. This model decomposes the landscape into

hillslope-channel-link components, consisting of 237,000 hillslope-link units for the Turkey

River Basin, with an average area of 0.018 km2, derived from a 1-meter resolution LiDAR

digital elevation model. This hydrological model incorporates non-linear channel routing,

evaporation, infiltration, surface ponding, and effective water depths in both the upper soil and

subsurface layers (Quintero et al., 2020). Changes in storage components are modeled using

a system of nonlinear ordinary differential equations, solved through a parallel Runge-Kutta

method with asynchronous integration (Small et al., 2013). The HLM has been extensively

tested in various studies and has consistently delivered accurate depictions of streamflow

dynamics and flood patterns (Krajewski et al., 2017; Mantilla, 2007; Mantilla et al., 2006;

Quintero et al., 2020;Gurbuz et al., 2024).
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Figure 4.2: Top Layer Hydrological (254) Model in HLM (Asynch, 2023).

HLM: Top layer Hydrological model (Figure 4.2) which was used in this study produces

continuous records of streamflow for all links in the river network, that are sampled every

hour. Each storm in the SST catalogue lasts for 3 days and they are applied over the entire

catchment domain, followed by a period of no rain of 17 days. Therefore, an event inside

the digital twin is relatively simple, with a new storm occurring every 20 days. Only the

streamflow hydrographs calculated at the 5 selected watersheds are used for this study. The

hourly data was averaged to obtain daily records. Figure 4.3 shows the daily data over the

full period at Garber station for all 3 scenarios (Stationary, NS-Increasing and NS-Decreasing

worlds). The HLM implementation follows the same configuration as presented in Perez et al.

(2019) and Gurbuz et al. (2024).

71



4.2 Methodology

Figure 4.3: Precipitation and streamflow data with simulation data splits (top panel)
for the Stationary world, (middle panel) for NS-Increasing world, (bottom panel) for
NS-Decreasing world at Garber.
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4.2.4 Scenarios and Test Periods

Three data generation scenarios are created where 1844 generated storms were applied to

the HLM model to create a streamflow record for 101 consecutive years. The first case is

the Stationary scenario, where the generated storms were applied randomly in time. The

second case is a Non-Stationary scenario with increasing precipitation (NS-Increasing world),

where the smallest generated storms were applied first and the largest were applied last. The

third case is a Non-Stationary scenario with decreasing precipitation (NS-Decreasing world)

where the storms were applied from largest to smallest. Four data periods are selected in the

101-year data record. The first 30 years of artificial data, which represent historical records,

are selected for training and validation, then three 10-year periods are selected to represent

the Near Future (NF; 2031-2040), the Mid Future (MF; 2061-2070), and the Far Future (FF;

2091-2100). The timeline for the experimental design is shown in Table 4.2.

Table 4.2: Data split for different simulation periods.

4.2.5 Machine Learning Model Set-Up

In this study, a single LSTM was trained, evaluated, and tested separately for each basin.

Streamflow predictions were generated for only one daily step at a time. Rainfall was the only

dynamic input while no static attribute was considered. During model evaluation, any negative

predictions in the original value space were set to zero, meaning no negative discharges were
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allowed. NSE was used as the loss. As the lengthy input sequences significantly increases the

time required for training, a relatively small parameter grid was taken in to the consideration

for hyperparameter tuning for the model. All possible hyperparameter combinations (243

different combinations) within the selected grid were considered and the model was employed

for the outlet (Garber) station of the basin in all 3 scenarios and calculated the mean NSE for

future test periods (NF, MF & FF). The combination with the highest mean NSE was selected

for the outlet in all 3 scenarios. The tested hyperparameter grid and selected combination

are given in Table 4.3. Using tuned hyperparameters, LSTM models were trained and tested

in all 5 stations and NSE metric was calculated for the streamflow predictions in different

worlds and different future periods.

Table 4.3: Tested hyperparameter grid and selected combination for LSTM model.

Hyperparameter Tested Grid Selected

Hidden size 128, 256, 512 512
Output Dropout 0.2, 0.4, 0.6 0.6
Batch size 128, 256, 512 128
Sequence Length 20, 40, 60 20
Epochs 30, 40, 50 50
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4.3 Results & Discussion

4.3.1 Prediction of Peak Flows

Figure 4.4: Observed and LSTM peak flows during NF, MF & FF periods for each
catchment (Color & shape of the scatters represents the world & the future test periods
respectively, Catchments are ordered by size in ascending order).
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Figure 4.4 illustrates the ability of the LSTM model to predict peak flows for each of the

five catchments: Spillville, Littleport, Eldorado, Elkader, and Garber. Figure 4.4 presents

scatter plots comparing observed peak flows with the peak flows predicted by the LSTM

model under Stationary, NS-Decreasing, and NS-Increasing worlds. Each column represents a

different catchment, and each row represents a different world. Different markers are used to

represent the three future test periods (NF, MF and FF). A gray diagonal line is present in

each plot, representing a perfect match between observed and predicted values. The closer the

scatter points are to this line, the better the model’s prediction for that specific catchment,

world, and future period.

Under the Stationary world, the close alignment between observed and simulated peak

flows across all five catchments suggests that the model successfully predicted peak flows

across various future test periods for each catchment. For Elkader and Garber, two catchments

with the largest areas, the spread of the scatter points around the 1 to 1 line is slightly larger

compared to Spillville, Littleport, and Eldorado, meaning the model performance in predicting

peak flows is narrowly less accurate than that for other three catchments. For the smallest

catchment, Spillville in Non-Stationary worlds, the scatter points still seem to follow the

general trend of the diagonal line, indicating the best model performance compared to other

catchments in these Non-Stationary worlds. For other catchments, the LSTM model showed

similar performance in Non-Stationary worlds. Still, the peak flow predictions deviated from

observations more significantly at higher peak flows in the NS-Increasing world and at lower

peak flows in the NS-Decreasing world. Overall, the model tended to underestimate the peak

flows in the NS-Increasing world and overestimate the peak flows in the NS-Decreasing world.
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4.3.2 Prediction of Streamflow Event Volumes

Figure 4.5 displays the performance of the LSTM model in predicting the volume of streamflow

events for each of the five catchments in Stationary and Non-Stationary worlds and three

future test periods (NF, MF, FF). The markers again correspond to the future test periods.

Figure 4.5: Observed & LSTM volumes of streamflow events during NF, MF & FF
periods for each catchment (Color & shape of the scatters represents the world & the
future test periods respectively, Catchments are ordered by size in ascending order).
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In all three worlds, the observed and simulated streamflow volumes showed better

alignment for Spillville compared to the other catchments. This suggests that the LSTM

model was generally more accurate in predicting the total volume of streamflow events for

the smallest catchment, regardless of the future climate scenario. It can be observed that in

general, predicted volumes show similar variation in each world separately. This implies that

for a given future climate trend and future test period, the model’s performance in predicting

streamflow event volumes was relatively consistent across the different catchments, although

there might be differences in the overall accuracy as mentioned for Spillville.

In the Stationary world, the model predicted higher streamflow event volumes well,

however, many points at lower observed volumes appear above the diagonal line, indicating

the model struggled to predict lower streamflow volumes accurately. In the NS-Decreasing

world, the predicted volumes are relatively overestimated, and at the same time, the deviation

increases as the observed flow volume decreases. This is due to the fact that many events

exceeded the model’s training limits, and its predictive ability diminished after a certain

threshold of rainfall events. This suggests that the model might lead to less accurate

predictions when exposed to rainfall events outside of the trained data range.

Interestingly, under the NS-Increasing world, the scatter points for all catchments generally

appear to be more tightly clustered around the diagonal line compared to the Stationary

and NS-Decreasing worlds, showing the best predictability across different worlds. This

implies that even though LSTM was unable to predict peak flow magnitudes accurately in

NS-Increasing world, the LSTM streamflow hydrograph might align reasonably well with the

observed streamflow hydrograph if the baseflow from both hydrographs is excluded. While

the overall performance in the NS-Increasing world seems better, a closer inspection of the

plots for Littleport and Garber might reveal a slightly larger spread of points compared to
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Spillville, Eldorado, and Elkader.

4.3.3 Prediction of Rainfall-Runoff Relationship

Figure 4.6 depicts a scatter plot of observed and predicted rainfall-runoff relationships for

each world. The colour and shape of the scatters represent the catchment and the future

test period respectively. In all three worlds, there is a noticeable spread in the observed

runoff values for a given rainfall amount, particularly at lower to medium rainfall intensities.

This indicates that factors beyond just the amount of rainfall influence the resulting runoff,

meaning the complex behaviour of the observed rainfall-runoff relationship.

Comparing the left and right columns of Figure 4.6, it appears that the predicted

rainfall-runoff relationships show a smoother, more defined curve for all catchments compared

to the more scattered points in the left column (observed). This suggests that the LSTM

model captured a general trend but missed some of the complex variability present in the

observed relationship. Examining the middle row of 4.6, it seems that for most catchments,

the predicted runoff values tend to be higher than the observed runoff values for a given

rainfall amount, indicating an overestimation of runoff by the model in the NS-Decreasing

world. On the other hand, looking at the bottom row of 4.6, the predicted runoff values

appear to be generally lower than the observed runoff values for similar rainfall amounts,

suggesting an underestimation of runoff by the model in the NS-Increasing world. Overall,

the model performed best at replicating the observed rainfall-runoff relationship under the

Stationary world.
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Figure 4.6: Observed and Predicted rainfall-runoff relationship (Color & shape of the
scatters represents the Catchment & the future test periods respectively).
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4.3.4 Overall Performance

Figure 4.7 presents the NSE values across different worlds, catchments, and model periods.

The rows in the Figure 4.7 represent the five catchments ordered by ascending drainage area,

and the columns are grouped by the world (Stationary, NS-Increasing, NS-Decreasing) and

then further divided by the model periods (Train, Validation, NF, MF, FF).

Figure 4.7: NSE across each catchment, world and simulation periods.

In the Stationary world and across all the catchments, the model achieved remarkably

higher NSE values, showing the strong capability of LSTMs to predict streamflow within

the data range it has seen before. Looking at the first group of columns in Figure 4.7, the

NSE values for training and validation are generally high (mostly above 0.90) for all five

catchments. During testing periods (NF, MF, FF) in the Stationary world, the NSE values

are also relatively high, although there is some variability across catchments and future

testing periods. During these testing periods, even the lowest NSE achieved by the model
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was above 0.85, which is generally identified as a strong model performance based on NSE.

This supports the idea that LSTM, with its deep learning approach, can better capture the

complexities and non-linearities in hydrological processes under stationary conditions.

Examining the third group of columns in Figure 4.7, the higher NSE values for train

and validation in the NS-Decreasing world show that the model performed significantly well

during train, and validation, similar to the Stationary world. Notably, during NF, the model

was able to achieve NSE higher than 0.75 across all catchments. However, for the MF and FF

periods under the NS-Decreasing world, the NSE values tend to be lower, and even negative in

FF, indicating a decline in model performance as the future prediction period moves further

away from the training data. Except during MF in Spillville, across all catchments during

MF and FF, the model performance was significantly poor.

There is an interesting observation under the NS-Increasing condition where the model

performances during train, validation, and NF are not as good as in the NS-Decreasing world,

but in MF and FF they are better than in the NS-Decreasing world. In the second group of

columns in Figure 4.7, the NSE values for train and validation are generally lower compared

to the Stationary and NS-Decreasing worlds. However, for the MF and FF periods in the

NS-Increasing world, the NSE values show an improvement compared to the corresponding

MF and FF values in the NS-Decreasing world. Except for the outlet station Garber, across

all other catchments, the model was able to achieve NSE higher than 0.51 even during FF.

In general, the catchment area seems to play a crucial role in LSTM’s performance

accuracy. By looking at the trends in NSE values across the columns for the NF, MF, and

FF periods within the NS-Increasing and NS-Decreasing worlds, it can be observed that

the model performance decreases gradually as the catchment area increases during all test

periods. Overall, the smallest catchment, Spillville, has the best model performance across
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all testing periods and worlds. Conversely, the two largest catchments have the worst model

performance across all testing periods and worlds.

Figure 4.8 further illustrates how the model performance changes in future testing periods

across different worlds and catchments. The plots show the NSE values for each catchment

under Stationary, NS-Increasing, and NS-Decreasing worlds. Markers connected by lines

represent different future test periods. As noticed before, the predictive accuracy of the

model decreases as the testing window moves away from the train and validation periods.

In Figure 4.8 as for all catchments and worlds, the NSE values tend to be highest for NF,

followed by MF, and lowest for FF. There is also a noticeable dramatic drop in NSE in the

NS-Decreasing world during FF.
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Figure 4.8: NSE variation across different catchments during future testing periods.
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Figure 4.9 shows zoomed-in hydrographs for the Garber station, displaying observed

precipitation, streamflow, and LSTM streamflow in one of the NF years (Year 2065) for

the Stationary (top), NS-Increasing (middle), and NS-Decreasing (bottom) worlds. These

hydrographs further confirm some observations made earlier in the context of peak flows,

streamflow event volumes, and overall performance. Under the Stationary world, the LSTM

hydrograph shows a near-perfect alignment with the observed hydrograph, demonstrating

the model’s strong streamflow predictability under stationary conditions. However, under

Non-Stationary worlds, a common observation is that the model tended to make peak flows

with similar magnitudes consistently once it is exposed to rainfall storms that is outside

the range of training data. Moreover, the hydrographs show that LSTMs overestimate

and underestimate streamflow under NS-Decreasing and NS-Increasing worlds, respectively,

specifically during baseflow periods. This tendency aligns with the earlier findings regarding

the model’s behavior in Non-Stationary climate conditions.
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Figure 4.9: Zoomed-in hydrographs for Garber station, showing observed precipitation,
observed streamflow and LSTM streamflow in one of MF years for (top) Stationary
(middle) NS-Increasing (bottom) NS-Decreasing worlds.
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4.4 Conclusion

This study investigated the reliability of machine learning (ML) algorithms, specifically

LSTM networks, in predicting streamflow fluctuations, particularly in scenarios that extend

beyond the historical record used for training. The central question addressed was how well

these grey/black-box models perform when faced with hydrological events that involve either

interpolation (conditions within the training range) or extrapolation (conditions outside the

training range). This is especially relevant given the anticipated impacts of climate change,

which are expected to lead to unprecedented extreme weather events.

The findings reinforce the observation from existing literature that ML algorithms can

indeed perform reliably for streamflow prediction under conditions similar to those they

have been trained on. In the Stationary world, where the statistical characteristics of

the precipitation events remained consistent over time, the LSTM model demonstrated a

strong ability to predict peak flows, streamflow event volumes, and the overall rainfall-runoff

relationship across all five sub-catchments of the Turkey River Basin. The high NSE

values achieved during the training, validation, and future testing periods in the Stationary

world underscore the capability of deep learning models to capture the complex, non-linear

relationships inherent in hydrological processes when the conditions remain stable.

However, the study also highlights important limitations when LSTM models are applied to

predict streamflow under Non-Stationary conditions, where the characteristics of precipitation

events change over time, mimicking potential climate change scenarios. In the Non-Stationary

scenario with decreasing precipitation, the LSTM model tended to overestimate streamflow

event volumes, particularly at lower observed flows, and the overall performance, as measured

by NSE, declined in the mid and far future periods. This suggests that when exposed to
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rainfall events smaller than those predominantly seen during training, the model’s predictive

ability diminishes.

Conversely, in the Non-Stationary scenario with increasing precipitation, the LSTM

model generally underestimated peak flows and runoff volumes, especially for higher peak

flows. While the predictability of streamflow event volumes appeared better in this increasing

precipitation scenario, the discrepancies in peak flow prediction indicate that the model

struggled to accurately capture the magnitude of extreme events exceeding the training

data range. Interestingly, the overall performance (NSE) in the increasing precipitation

world, while initially lower than in the decreasing scenario, showed better results in the

mid and far-future periods. This might suggest a greater capacity to adapt to increasingly

extreme events compared to decreasing ones, although accurate peak flow prediction remains

a challenge.

A crucial observation across all scenarios is the influence of catchment size on the model’s

performance. The smallest catchment, Spillville, consistently exhibited the best predictive

accuracy, while the two largest catchments, Elkader and Garber, generally showed the poorest

performance. This suggests that the spatial scale and complexity of the watershed may play

a significant role in the ability of data-driven models to generalize, particularly when faced

with changing conditions.

These findings have significant implications for the use of ML in streamflow forecasting,

especially in the context of climate change. While ML models have demonstrated superior

performance in hindcast and forecast tests under historical conditions, their reliability when

extrapolating to unprecedented hydrological events remains a key concern. This study

indicates that while these models show promise in adapting to some forms of non-stationarity,

they can exhibit significant biases in predicting peak flows, streamflow event volumes and
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rainfall-runoff relationships when faced with events substantially outside their training

experience.

Therefore, the implicit assumption that “if it served us well in the past it shall serve

us well in the future” needs careful consideration when applying ML models for future

hydrological predictions. While studies have shown that data-driven models can sometimes

outperform process-based models even for extreme events, the analysis of this study suggests

that the nature of the Non-Stationarity (increasing vs. decreasing precipitation) and the

characteristics of the watershed can significantly influence the reliability of these predictions.

In conclusion, while ML algorithms offer a powerful tool for streamflow prediction,

especially under stationary conditions, their application in a Non-Stationary future requires

caution. Understanding their limitations in extrapolation scenarios and actively working

towards enhancing their robustness and reliability for unseen hydrological events is essential for

effective water resource management and risk assessment in a changing climate. The findings

of this study contribute to this understanding by highlighting the differential performance

of LSTM models under increasing and decreasing precipitation regimes and across different

catchment sizes.
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Chapter 5

Conclusion of the Thesis

5.1 Summary

Addressing the research gaps identified in the Section 1.2: Problem Definition, this thesis

specifically evaluated the effectiveness of incorporating historical streamflow data, the impact

of noisy precipitation inputs, and the performance of LSTMs in interpolating and extrapolating

under stationary and non-stationary hydrological scenarios.

Chapter 2 investigated the effectiveness of including historical streamflow data as an input

feature in LSTM models. The results demonstrated a significant enhancement in streamflow

prediction accuracy across many diverse catchments when past streamflow information

was integrated. This finding underscores the inherent temporal dependencies within the

streamflow. However, the study also revealed that the benefit of incorporating historical

streamflow data was not uniform across all regions and showed that certain catchment

characteristics might be more influential in certain areas. Furthermore, while LSTM models

showed strong performance for same-day streamflow prediction, their accuracy declined
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with increasing forecast lead times. When compared against the Persistence model for

multiple-day-ahead forecasts, LSTM demonstrated superior performance in terms of Pearson

correlation, MAE, and RMSE, but did not show a clear advantage in NSE, particularly for

longer lead times where both models exhibited poor performance.

Chapter 3 explored the impact of noisy precipitation input data on the accuracy of LSTM

models. The study found that the introduction of noise generally led to a decline in the

performance of the LSTM model, although models trained with noisy precipitation showed

greater resilience when tested with similar noise. Notably, a substantial percentage of basins

maintained relatively high NSE values even under significant noise levels, indicating a degree

of robustness in capturing streamflow dynamics from imperfect data. The sensitivity of

LSTM performance to precipitation noise varied considerably across different basins and was

found to correlate with certain catchment attributes.

Chapter 4 examined the reliability of LSTM models in predicting streamflow under

stationary and non-stationary climate scenarios simulated using a physically based hydrological

model. Under stationary conditions, the LSTM model demonstrated remarkably high NSE

values, indicating a strong ability to predict streamflow within the range of the training

data. However, under non-stationary scenarios with increasing or decreasing precipitation,

the model exhibited biases, tending to underestimate peak flows and runoff volumes in the

increasing precipitation scenario and overestimate them in the decreasing scenario. The study

also highlighted the influence of catchment size, with smaller catchments generally showing

better predictive accuracy across all scenarios. These findings suggest that while LSTMs

can learn complex hydrological relationships, their ability to extrapolate reliably to unseen

hydrological conditions remains a significant challenge, particularly under evolving climate

patterns.
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5.2 Limitations

Chapter 2 & Chapter 3 primarily focused on the CAMELS-US dataset to investigate the

impact of historical streamflow and noisy precipitation. While this dataset offers a large

and diverse set of catchments, the findings might not be universally applicable to other

geographical regions with different hydrological regimes or data availability. Furthermore, the

investigation of noisy precipitation inputs involved the introduction of uniformly distributed

random noise to a limited number of recent precipitation days. Real-world precipitation errors

can exhibit more complex spatial and temporal patterns, and future research could explore

the impact of more realistic noise structures. Chapter 4 relied on synthetic streamflow data

generated by a physically based model. While this approach allows for controlled experiments

under specific climate scenarios, the results depend on the accuracy and assumptions of the

underlying hydrological model. Finally, the hyperparameter tuning for the LSTM models

was conducted with certain constraints, and more extensive tuning might potentially yield

more positive results.

5.3 Directions for Future Research

Based on findings of this thesis, several directions for future research can be identified:

• Incorporating forecasted meteorological data: To overcome the limitations in longer-term

streamflow forecasting, future studies should explore the integration of forecasted

precipitation, temperature, and/or other input data into LSTM models,

• Development of hybrid models: Combining the strengths of data-driven approaches like

LSTM with physically based hydrological models could lead to more robust and reliable
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streamflow predictions across various time scales and under changing conditions,

• Investigating different noise characteristics and uncertainty quantification: Future

research could explore the impact of more realistic and complex precipitation error

structures on LSTM performance and incorporate methods for quantifying prediction

uncertainty,

• Evaluating advanced machine learning architectures: Exploring the potential of more

recent machine learning architectures, such as Transformers or Informers, for streamflow

forecasting under stationary and non-stationary conditions.

5.4 Final Conclusion

This thesis provides a comprehensive analysis of the effectiveness and limitations of LSTM

networks for streamflow forecasting. The findings highlight the significant potential of LSTMs,

particularly when leveraging historical streamflow data. However, the challenges encountered

with longer lead times, noisy inputs, and especially under non-stationary conditions underscore

the need for future research and development to improve the reliability and robustness of

these models for hydrological forecasting and water resource management in a changing

climate. By addressing the limitations identified and investigating the suggested directions

for future research, machine learning hydrological modelling can contribute to more advanced

and effective water resource management practices.
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Appendix A

A.1 Description of Catchment Attributes of CAMELS-
US Basins

Table A.1: Description of Catchment Attributes

Attribute Description

Precipitation mean Mean daily precipitation
PET mean Mean daily potential evapotranspiration
Aridity index Ratio of Mean PET to Mean Precipitation
Precipitation seasonality Seasonality and timing of precipitation (estimated using sine

curves to represent the annual temperature and precipitation
cycles, positive [negative] values indicate that precipitation
peaks in summer [winter], values close to 0 indicate uniform
precipitation throughout the year)

Snow fraction Fraction of precipitation falling as snow (i.e., on days colder
than 0°C)

High precipitation frequency Frequency of high precipitation days (≥ 5 times mean daily
precipitation)

High precipitation duration Average duration of high precipitation events (number of
consecutive days ≥ 5 times mean daily precipitation)

Low precipitation frequency Frequency of dry days (1 mm/day)

Continued on next page
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A.1 Description of Catchment Attributes of CAMELS-US Basins

Attribute Description

Low precip duration Average duration of dry periods (number of consecutive days <
1 mm/day)

Elevation Catchment mean elevation
Slope Catchment mean slope
Area Catchment area (Geospatial Fabric estimate)
Forest fraction Fraction of catchment covered by forest
LAI max Maximum monthly mean of leaf area index
LAI difference Difference between the max. and min. mean of the leaf area

index
GVF max Maximum monthly mean of green vegetation fraction
GVF difference Difference between the maximum and minimum monthly mean

of the green vegetation fraction
Soil depth (Pelletier) Depth to bedrock (maximum 50 m)
Soil depth (STATSGO) Soil depth (maximum 1.5m, layers marked as water and bedrock

were excluded)
Soil Porosity Volumetric porosity
Soil conductivity Saturated hydraulic conductivity
Max water content Maximum water content of the soil
Sand fraction Fraction of sand in the soil
Silt fraction Fraction of silt in the soil
Clay fraction Fraction of clay in the soil
Carbonate rocks fraction Fraction of the catchment area characterized as “carbonate

sedimentary rocks”
Geological permeability Surface permeability (log10)
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Appendix B

B.1 Hyperparameter Tuning of LSTM model
For tuning the hyperparameters of the LSTM model where past streamflow data were
incorporated as an additional dynamic input variable in the benchmark LSTM model, we
changed four hyperparameters (Hidden Size, Batch Size, Dropout, Sequence Length) in a
small grid of values. Among the 81 different hyperparameter combinations, the combination
with the highest median NSE in the validation period was selected. Note that the model
was trained only for one epoch for hyperparameter tuning due to time constraints and high
computational requirements. Table B.1 lists the tested parameter grid and selected values.

Table B.1: Tested parameter grid and selected values

Hyperparameter Tested Grid Selected

Hidden Size 128, 256, 512 256
Output Dropout 0.2, 0.4, 0.6 0.4
Batch Size 128, 256, 512 256
Sequence Length (months) 9, 12, 15 12

Figure B.1 presents the median NSE for each hyperparameter combination tested. Table
B.2 lists the other parameters and configurations of LSTM models which are the same as in
the Naive LSTM model by Gauch et al. (2021).
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B.1 Hyperparameter Tuning of LSTM model

Figure B.1: The median NSE for each hyperparameter combination tested
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B.1 Hyperparameter Tuning of LSTM model

Table B.2: Other parameters and configurations used in LSTM models

Configuration Selection Parameter Selection

Head Regression Number of Epochs 30
Output Activation Linear

Learning Rate:
0: 0.001

Optimizer Adam 10: 0.0005
Loss NSE 25: 0.0001
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