Exploring the Applicability and Reliability of
Machine Learning tools in Streamflow
Forecasting

by

Kavindra Lakmal Lewkebandara

A thesis submitted to the Faculty of Graduate Studies of
The University of Manitoba,

in partial fulfilment of the requirements of the degree of

MASTER OF SCIENCE

Department of Civil Engineering
University of Manitoba
Winnipeg, Canada

Copyright © 2025 Kavindra Lakmal Lewkebandara



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

Stream ow forecasting is a critical component of water resource management, essential for
applications such as ood 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
stream ow simulation and forecasting. However, these traditional models often face challenges
in capturing the non-linear and non-stationary characteristics of stream ow, 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 alternativéArsenault 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 stream ow simulation and




1.2 Problem De nition

forecasting against traditional hydrological models and other ML approaches like Arti cial
Neural Networks (ANNSs) (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
prede ned 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 stream ow predictions (J. Liu et al., 2024, Yifru et al., 2024).

1.2 Problem De nition

Despite the advancements in LSTM-based stream ow modeling, several research gaps and
challenges remain. One key area involves understanding the impact of the inclusion of
historical stream ow data as an input feature on LSTM performance.

Another crucial challenge lies in the forecasting capability of LSTM models over di erent
prediction horizons. While LSTMs can perform well for short-term forecasts, their accuracy
typically degrades as the lead time increasékin 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- ow
and ood events, necessitating a more focused evaluation of LSTM performance under such
conditions.

The reliability of LSTM models also signi cantly 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




1.3 Research Objectives

the accuracy of stream ow 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 Iter 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 signi cant concef(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 stream ow forecasting through the following key objectives:

to evaluate the e ectiveness of incorporating historical stream ow data as an input
feature in LSTM models for improving stream ow prediction accuracy across a large

number of diverse catchments,

to compare the capability of LSTM models for multiple days ahead stream ow

forecasting against the persistence,

to investigate the impact of noisy precipitation input data on the accuracy of LSTM
models for stream ow prediction, and to analyze the sensitivity of di erent basins to

varying levels of noise in precipitation,




1.4 Outline of the Thesis

to analyze the performance of LSTM models in stream ow 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 E ectiveness of LSTMs in Stream ow Forecasting Using

Historical Data investigates the impact of incorporating historical stream ow 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-base ow periods.

Chapter 3: The Eect of Noisy Precipitation Inputs on Stream ow
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 stream ow
prediction accuracy across di erent basins and examines the relationship between model

sensitivity and catchment characteristics.

Chapter 4: Interpolation & Extrapolation in Stream ow Forecasting in

Stationary & Non-Stationary Scenarios using LSTMs examines the reliability

of LSTM models in predicting stream ow 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.




1.4 Outline of the Thesis

Chapter 5: Conclusion of the Thesis summarizes the key ndings & 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 stream ow forecasting under various
conditions, contributing to the ongoing advancements in hydrological modeling and

prediction.




Chapter 2

The E ectiveness of LSTMSs iIn
Stream ow Forecasting Using

Historical Data

2.1 Introduction & Background

Stream ow forecasting is one of the most crucial elements of water resource managengefuint

et al., 2022). As traditional hydrological models, physically based, conceptual and data-driven
approaches have been used for decades to simulate stream ow. However, capturing non-linear
and non-stationary stream ow characteristics using traditional models has been challenging
due to di culties 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 di culties (Arsenault et al., 2023; Gauch et al., 2021).
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2.1.1 Performance of LSTMs against Traditional Models

Many studies have exhibited the superior performance of LSTM networks in stream ow
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 signi cantly improved stream ow 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 ndings suggest that LSTM models has
ability to trace complex hydrological relationships directly from data, without relying on
prede ned physical equations. Furthermore, unlike traditional Arti cial 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 stream ow
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 e ects, where past conditions
in uence future stream ow. Traditional RNNs have limitations in learning such long-term

dependencies, whereas LSTMs are designed to overcome this weak(iesdzert et al., 2018).
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2.1.2 Historical Stream ow Data as Input for LSTM

The use of previous stream ow data as an input variable signi cantly could enhance the
performance of LSTM models, because stream ow series exhibit strong temporal dependencies,
with current stream ow values highly correlated with past values. Analysis Lin et al. (2024)
revealed that lagged stream ow contributed more signi cantly to the forecast results than
lagged precipitation Pokharel and Roy (2024) also used lagged stream ow values as input in
their CNN-LSTM model and showed improved performance for stream ow prediction. Frame
et al. (2021) demonstrated that LSTM models e ectively learn rainfall-runo 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 stream ow 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 stream ow 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 stream ow forecasting. This method assumes that future stream ow would be same as

the current stream ow, relying on the inherent characteristics of stream ow series. Lin et
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al. (2024) found that for 1 day, 2 days, and 3 days ahead stream ow forecasts, their naive
method achieved Nash{Sutcli e E ciency (NSE) higher than 0.5 in 88%, 65%, and 52% of
basins respectively. This highlights that very simple assumptions of persistence can capture
a signi cant amount of stream ow 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 Base ow Separation and its In uence on Model Evaluation

Accurate evaluation of stream ow prediction models might require the separation of base ow
from total stream ow (Szilagyi, 2004). Base ow, representing the sustained groundwater
contribution to stream ow, exhibits distinct characteristics from quick ow or direct runo,
which is primarily driven by rainfall events. Various methods exist for base ow separation,
ranging from simple digital Iters (Eckhardt, 2012) to more complex physically based models
(Szilagyi, 2004). The choice of base ow separation method can signi cantly in uence the
assessment of model performance, particularly in the context of comparing di erent forecasting
techniques. Selecting an appropriate base ow separation technique is therefore crucial for
ensuring accurate and reliable analyses of stream ow data (Szilagyi, 2004; Xie et al., 2020).
This study will employ the Eckhardt digital Iter method. Xie et al. (2020) compared 9
di erent methods for more than 1800 catchments across the contiguous United States and
nally showed that Eckhardt digital Iter method has the best performance.

Despite the progress in LSTM-based stream ow 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




2.1 Introduction & Background

evaporation, pressure, shortwave radiation, speci ¢ humidity, temperature, total precipitation
and wind) and catchment attributes, they did not explore the impact of including previous
stream ow data as an input. It remains unclear whether incorporating previous stream ow
would lead to further improvements in LSTM performance.

Gauch et al. (2021) and many others, focused on same time-step stream ow predictions
(using input data up to the current time step to predict the stream ow 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 stream ow 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 stream ow at di erent 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 E ciency (KGE), and Root
Mean Square Error (RMSE), are calculated using all stream ow valug€Gupta et al., 2009).
However, these metrics may not adequately capture model performance during critical periods,
such as high- ow and ood events. There is a need to evaluate LSTM performance speci cally
during medium to high stream ow periods to understand how well models predict those
events. By focusing on the non-base ow periods, we can more accurately assess a model's
capability to mitigate ood 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 stream ow prediction, o ering improvements over traditional models.
However, their performance can be a ected by the prediction horizon and the complexity

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

10
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stream ow data, multi-day forecasting capability, and performance during high- ow 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 knd. 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
km? and have hourly stream ow data available from the USGS Water Information System.
All observed stream ow 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 stream ow 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 197@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.

12



2.2 Methodology

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 stream ow remains constant over time, using today's

observed value as the prediction for upcoming day$himire & Krajewski, 2019). This

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

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

Persistence approach was used to serve as a baseline for comparing LSTM forecasting models.
For a stream ow observationX; measured at timet, the persistence forecast at lead time

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

X(t+ t) = Xt . (21)

2.2.3 Base ow separation

Eckhardt method (Eckhardt, 2004) was used to calculate base ow in this study as per the
recommendation provided by Xie et al. (2020). The two-parameter (recession constant &
maximum base ow index) digital Iter equation for the Eckhardt method can be expressed

as:

13
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— (1 BI:Imax)bk 1+(1 )BFlmaxyk .

b (1 BFI max) ’

(2.2)

wherel is the base ow andf, is the total stream ow at t™" time step. is the recession
constant that can be found by recession analysis (Eckhardt, 2008). The maximum base ow
index (BFI nhax) is determined based on eld studies of hydrogeological characteristics.
According to Eckhardt (2008),BF | o« 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 BFI o« without conducting eld investigations of hydrogeological
conditions, Collischonn and Fan (2012) proposed a backward Iter method that relies on the

recession constant, written as:

b«ﬁg;bﬁ Yk (2.3)

The daily stream ow is processed using the backward Iter method derived from Eq. 2.3,
and BF 1 o« is determined by the ratio of the maximum potential total base ow to the total
stream ow. This backward Iter method was used to compute distinctBF | o« values for
each basin, partially capturing the variability in soil properties and spatial di erences in
hydroclimatic factors.

This base ow separation method was used during the second experiment of this study
(which is explained in Subsection 2.2.4) to identify the non-base ow periods for each basin

and evaluate the stream ow predictability of LSTM and Persistence in non-base ow periods.

14
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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 ow), 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 stept. 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-runo modelling, refer to Kratzert,
Klotz, Shalev, et al. (2019).

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

library designed for implementing deep learning models, such as LSTMs, in hydrological

15
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applications. Developed primarily for students and researchers, NeuralHydrology simpli es
the process of applying deep learning to rainfall-runo modeling and other other problems
related to hydrology (Kratzert et al.,, 2022). Users can specify various con gurations
of the model including input and target data, architecture, evaluation metrics, and
training/validation/testing periods through a straightforward YAML con guration le.

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 kgm 2
Air temperature K
Surface pressure Pa
Surface downward-longwave radiation W n?
Surface downward-shortwave radiation W m?
Speci ¢ humidity kg kg 1!
Potential energy Jkgt
Potential evaporation Jkg!
Convective fraction -

u wind component m st
v wind component m st

16
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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 km?
Forest fraction -

LAI (Leaf Area Index) max -

LAI (Leaf Area Index) di erence -

GVF (Green Vegetation Fraction) max -

GVF (Green Vegetation Fraction) di erence -

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 m
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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 t6"" day and made
the stream ow prediction of the t™ day, as shown in Figure 2.2. For our rst experiment,
past stream ow 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 stream ow

separately.

Figure 2.2: Time windows of input variable sequences and the prediction (top panel)
rst 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 stream ow 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 signi cantly increase training time. All other
parameters and con guration settings remained consistent with those in Gauch et al. (2021)'s

study. For further details on hyperparameter tuning, please refer to Appendix B. The
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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
stream ow predictions, multiple evaluation metrics were considered to comprehensively

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

P n ] P n .
Pearson Correlation Coe cient (r) = &-p=— S) = O ) ; (2.4)
B Y Y (I
) . _ 5 = (Vi %)? )
Nash Sutclie Eciency ( NSE)=1 P 5 (2.5)
Vv i=1 (Yi y) .
ﬁ T2 T2
Kling Gupta E ciency ( KGE ) =1 r 12+ 2 1 + X 1 ; (26)
y y
X
Mean Absolute Error MAE ) = rl] i Wi (2.7)

i=1

wherey; and ¥ represent observed and predicted values respectively, whileand represent

mean and standard deviation.
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2.3 Results & Discussion

2.3.1 Incorporating historical stream ow data as an input

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

The impact of including historical stream ow data as an input variable in LSTM models is
signi cant for stream ow prediction, leading to a notable improvement in model performance.
As seen in Figure 2.3, the integration of past stream ow data results in a notable increase in
NSE values across a large number of basins. Speci cally, 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 stream ow 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 e ectiveness of historical stream ow 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 signi cant.

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
stream ow 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, andr) show increases in all 18 regions when historical stream ow 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
stream ow, as evidenced by strong correlations between present and past stream ow values.
This is supported by the ndings of Lin et al. (2024), who showed that lagged stream ow is
more in uential on forecasting accuracy compared to lagged precipitation, further highlighting
the importance of using historical stream ow 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 signi cant
correlation patterns within a speci ¢ subset of basins. Figure 2.7 identi es 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.
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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 (LAl 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, amd
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
stream ow 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 stream ow
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 ndings align with the understanding that catchment characteristics
signi cantly in uence 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 stream ow predictions.

Figure 2.8 illustrates the improved performance of the LSTM model when using past
stream ow 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 con rms that including historical stream ow data

leads to increases in NSE, KGE, and Pearsanvalues, as well as lower RMSE values.
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