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ABSTRACT

cientific development and management of river require collaborative efforts
among multidisciplinary stakeholders and the integration of cross-disciplinary
knowledge, wherein runoff forecasting plays a pivotal role. With the widespread
adoption of data-driven deep learning models, particularly neural networks, in the hy-
drological domain, high-precision runoff forecasting, which was previously difficult to
achieve using traditional physically based models, has now become feasible. However,
current neural network-based runoff forecasting models still encounter various chal-
lenges in real-world applications. To address limitations in efficiency, accuracy, temporal
robustness, and interpretability, this thesis progressively proposes a series of diversified

and high-performance runoff forecasting frameworks.

First, to address the overemphasis on accuracy in existing runoff forecasting mod-
els, we develop a lightweight and robust framework based on Temporal Convolutional
Network (TCN), which employs dilated and causal convolutions to expand the receptive
field and prevent information leakage. An attention module is integrated to enhance
accuracy with low computational cost, and an improved Snapshot ensemble strategy
is used during training to boost robustness under extreme perturbations. Moreover,
to overcome the limitations of mainstream neural networks, such as limited receptive
fields and long-term dependencies modeling, we further propose two high-performance
forecasting frameworks. These incorporate an enhanced ResNet with dual pathways and

dense shortcuts to optimize information flow and benefit from deeper network structures.
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Conventional attention mechanisms that focus on one single dimension are further
extended to both temporal and spatial dimensions based on channel-dependence (CD)
and channel-independence (CI) strategies. Bidirectional architecture and temporal short-
cuts are also integrated to capture richer context and mitigate vanishing gradients in
long sequences. Additionally, in response to the performance degradation observed in
mainstream models during extended forecasting horizons, we propose a multi-lead-time
forecasting framework grounded in the state space model (SSM), characterized by its
dual attributes of convolution and recursion while still maintaining linear complexity.
The effectiveness of the proposed framework is validated through quantitative evaluation,
revealing strong temporal robustness across multiple forecasting horizons within the
upcoming 24-hour. Notably, a model-specific local post-hoc explanation technique based
on interpretable machine learning (IML) is also used to enhance the interpretability of

the model’s forecasting process.

In summary, this thesis proposes a set of runoff forecasting models that achieve
state-of-the-art overall performance. Through progressive architectural enhancements
across models, the structural limitations of existing approaches are effectively overcome,
enabling highly accurate multi-lead-time forecasting of fine-grained hourly runoff se-
quences. These contributions provide robust and reliable solutions for stakeholders in

hydrology.
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CHAPTER

INTRODUCTION

1.1 Background and Motivations

River runoff is an important part of the natural water cycle, supplying essential water
for drinking, irrigation, and industrial use [1]. Its potential energy can also be harnessed
by hydroelectric facilities to generate substantial electricity [2], supporting economic
and social development. River runoff also contributes to the stability of basin ecosystems
and is a key factor in environmental protection and ecological management efforts.
Consequently, the scientific development and management of river runoff serve as the
cornerstone for harmonious coexistence between humanity and nature, as well as for the
sustainable socio-economic development [3]. This necessitates collaborative efforts among
stakeholders across multiple domains and the integration of interdisciplinary knowledge,
with runoff forecasting playing a pivotal role in this context [4]. Leveraging cutting-
edge techniques such as expert knowledge, statistical models, and machine learning
algorithms, runoff forecasting utilizes historical data to forecast river runoff over specific

future timeframes, thereby offering data support and decision-making guidance for the
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CHAPTER 1. INTRODUCTION

rational planning and management of water resources [5]. As an important branch of
time series forecasting, runoff forecasting involves the integrated assessment of more
complex hydrometeorological data compared to forecasting tasks in domains such as
finance, transportation, and power systems. Moreover, it imposes stricter requirements

on both forecasting timeliness and model accuracy.

In order to adapt to different specific tasks and scenarios, runoff forecasting is further
classified into hourly forecasting [6], daily forecasting [7], monthly forecasting and
annual forecasting according to different time granularity [8, 9]. Monthly and annual
runoff forecasting are mainly used for climate change studies and long-term development
planning of river basins, while daily runoff forecasting is used for the daily scheduling
and maintenance of hydropower plants. Among all subcategories of runoff forecasting,
hourly runoff forecasting focuses on the shortest time scale, characterized by significant
randomness and uncertainty due to the influence of numerous external factors [10].
This makes it a non-stationary time series and the most challenging to forecast [11, 12].
Figure 1.1 presents the hourly river discharge curve for the Columbia River in the
United States over the entire year of 2019. It can be observed that the runoff exhibits a
pronounced seasonal and non-stationary trend. However, hourly runoff forecasting is
crucial for providing timely warnings and responses to imminent hydrological events,

thus holding significant research value [13—-15].

Runoff forecasting has undergone decades of research and refinement since its in-
ception, gradually evolving into two main branches: process-based runoff forecasting
models and data-driven runoff forecasting models. In the early stages of runoff forecast-
ing development, due to limitations in computational power and incomplete theoretical
frameworks, process-based forecasting was a more commonly used approach [16]. It
primarily involves simulating the complex physical processes of the natural water cy-

cle, such as precipitation, evaporation, and groundwater flow, to forecast runoff. The
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Figure 1.1: Hourly discharge curve of the Columbia River in 2019. The subfigure in the
top left corner presents an enlarged view of the weekly runoff curve, while the subfigure
in the top right corner presents the enlarged monthly runoff curve.

advantage of these models lies in their good interpretability and the ability to model
and forecast multiple different hydrological processes simultaneously, maintaining a
certain level of application in the current hydrological field. For instance, the United
States Department of Agriculture (USDA) developed the Soil and Water Assessment Tool
(SWAT) model [17], while the Danish Hydraulic Institute (DHI) proposed the famous
MIKE SHE model [18]. Both models are representative distributed physical hydrological
models that can simulate different components of the water cycle through corresponding
independent sub-modules and model the entire complex water cycle process through the
integration of different modules. However, process-based runoff forecasting models have
revealed numerous inherent flaws in practical applications. They are complex, require
extensive detailed physical data, and their construction and use heavily depend on the
researchers’ expertise and experience in the hydrological field, making them challenging

to apply broadly and limiting their generalization capability [19].
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CHAPTER 1. INTRODUCTION

The widespread adoption of automated monitoring systems in hydrological systems
leads to the establishment of monitoring stations on many major rivers around the
world. These stations accumulate a large amount of hydrological data. The increase
in computational power, together with this wealth of data, shifts the focus in runoff
forecasting from process-based models to data-driven models [20]. Unlike process-based
models, data-driven models depend on historical data for modeling and learning. They
forecast future runoff by understanding the relationship between input features and
outputs, without relying on complex physical processes. The main advantage of data-
driven models is their independence from specialized knowledge and complex parameters,
facilitating easier construction and training with machine learning frameworks and
data science toolkits. This ease of use enables their flexible adaptation to new regional
data and rapid deployment. As the most widely used and representative data-driven
model, artificial neural network (ANN) has gradually gained favor in runoff forecasting
[21, 22]. Compared to traditional linear models, ANN possesses a powerful nonlinear
fitting capability, enabling it to flexibly learn the intricate interactions among various
external factors in hydrological processes, making it more suitable for handling non-
stationary runoff sequences. Over the years, ANN has evolved into two main streams: the
convolutional neural network (CNN) [23] and the recurrent neural network (RNN) [24].
CNN is known for its strong multi-level abstract feature learning ability and can reduce
the number of parameters through sparse connections and weight sharing, which has
led to its widespread application in the field of computer vision (CV) [25, 26]. The RNN
model, exemplified by long short-term memory network (LSTM) [27, 28], has capabilities
beyond traditional neural networks in processing sequence inputs. It can selectively
retain and forget input information through gating units, giving the network a flexible
"memory" for capturing temporal dependencies in sequence inputs, making it a milestone

model in natural language processing (NLP) [29, 30]. With the rapid penetration of
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neural networks across various fields, CNN and LSTM have also been extensively used

in runoff forecasting.

Although neural networks have demonstrated outstanding performance in runoff
forecasting, their practical application has also revealed several problems that signif-
icantly constrain the overall model performance. These problems mainly manifest in
three aspects: accuracy, temporal robustness, and interpretability. 1) While runoff fore-
casting models based on neural networks have far surpassed early traditional forecasting
models in terms of accuracy, the hydrological field’s demands for forecasting precision
continue to rise. Existing mainstream models struggle to meet the industry’s needs for
accuracy-oriented tasks, fundamentally due to a bottleneck in the models’ feature learn-
ing capabilities. Although LSTM has a superior feature extraction capability, its gating
units bring a huge number of parameters, making it difficult to be stacked multiple
layers to learn more higher-level abstract features [31]. On the other hand, CNN with
fewer parameters still faces limitations in temporal forecasting ability due to its smaller
receptive field and issues with information leakage. 2) Short-term runoff forecasting
models generally suffer from poor temporal robustness, where the model’s accuracy is
high for short lead times but dramatically declines as the lead time increases (runoff
forecasting must be performed before a certain period of time, and this kind of advance
is called lead time [32]). This is primarily because forecasting runoff over longer periods
often requires inputting information from more time steps, and the increased amount
of information makes it difficult for the model to fully capture long-term dependencies
in long sequence inputs, restricting the model’s multi-lead-time forecasting capability.
3) Current research on runoff forecasting models is mainly performance-oriented, often
overlooking model interpretability. This has resulted in a lack of trust from stakeholders
in high-risk areas towards these high-accuracy but low-transparency models. To effec-

tively address the three common challenges in runoff forecasting outlined above, this
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thesis proposes a comprehensive research framework aimed at providing high-accuracy,
robust, and interpretable models based on cutting-edge neural network techniques for

stakeholders in the hydrological field.

1.2 Research Questions and Objectives

1.2.1 Research Questions

The application of neural networks in runoff forecasting has been increasingly deep-
ened, demonstrating significantly superior performance compared to traditional models.
However, this advancement has also revealed a number of pressing issues that remain

unresolved. Specifically, this study focuses on the following research questions:

RESEARCH QUESTION 1 (RQ1): How to achieve an optimal balance between

accuracy, efficiency, and robustness in next-generation runoff forecasting models?

Most of the research work on runoff forecasting is accuracy-oriented, but the blind
pursuit of accuracy can lead to a reduction in robustness and efficiency. Zhang et al.
clearly point out that multiple well-trained neural networks, including the famous VGG,
AlexNet and ResNet, often sacrifice robustness against adversarial attacks in the pursuit
of higher accuracy, and thus misclassify samples with added noise [33] . In addition,
although neural networks such as LSTM have better performance in processing time
series forecasting, their gating units can significantly increase the number of parameters.
And the cell of each LSTM is heavily dependent on the output of the previous time step,
so LSTM also cannot be processed in parallel. Short-term runoff forecasting requires
a high level of rapid response capability, which requires timely warning and decision
support for unexpected precipitation and hydrological events within a short period of

time, so the efficiency of the model will directly affect whether it can be used in practice.
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RESEARCH QUESTION 2 (RQ2): How to further overcome the performance bottle-

necks of existing runoff forecasting models?

Most current runoff forecasting models are built upon neural networks based on
recurrent architectures, such as RNN, LSTM, and gated recurrent unit (GRU). Compared
with traditional models, these networks exhibit a certain degree of memory capability,
allowing them to selectively retain and forget information in the temporal dimension.
However, neural networks based on recurrent architectures still suffer from several
inherent limitations. Specifically, as the loss is backpropagated along the time dimension,
the presence of long input sequences with numerous time steps may lead to vanishing/-
exploding gradient problems, which hinder effective weight updates during training.
Although LSTM and GRU introduce gating units to regulate information flow, the effec-
tiveness of these gates diminishes as the sequence length increases, reducing the model’s
ability to capture long-term dependencies. The inherent parametric complexity of gating
units also limits the scalability of network depth, making it difficult to stack multiple
layers for extracting higher-level abstract features essential for accurate forecasting.
These architectural bottlenecks significantly constrain the performance of existing mod-
els. Therefore, designing novel architectures to overcome these limitations is essential

for the future advancement of runoff forecasting.

RESEARCH QUESTION 3 (RQ3): How to develop temporally robust architectures
for runoff forecasting models so that they can consistently maintain stable performance

across multiple forecasting horizons of varying lengths?

With the continuous advancement of time series forecasting techniques and the
widespread application of neural network-based data-driven models in runoff forecast-
ing, mainstream models have demonstrated significant improvements over traditional
methods for specific forecasting horizons. However, current hourly runoff forecasting is

undergoing a paradigm shift from single-step to multi-step forecasting, and stakeholders
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are placing increasing demands on the models’ multi-lead-time forecasting performance.
Although most existing models can achieve accurate predictions over short horizons (e.g.,
1-4 hours ahead), their accuracy deteriorates dramatically for longer horizons exceeding
12 hours, with accuracy declines often surpassing 50%. This phenomenon highlights a
common limitation in existing models: the lack of temporal robustness. To enable robust
multi-lead-time runoff forecasting, substantial architectural enhancements are required
to empower models with the capacity to capture the rich contextual information embed-
ded in exponentially growing input sequences. Addressing this challenge constitutes a

critical focus of this thesis.

RESEARCH QUESTION 4 (RQ4): How to ensure that the forecasting process

of the proposed runoff forecasting model remains interpretable to a certain extent for

stakeholders?

Neural networks are often regarded as black box models, mainly because they trans-
form the input non-linearly through the activation function. Although they can fit the
data better than traditional linear models, the state inside the network is difficult to
understand well. In addition, neural networks learn adaptively by adjusting weights
through optimisation algorithms such as gradient descent, and we cannot understand
the meaning of each weight, and therefore we cannot further explain the forecasting
process of the model. In some specific high-risk areas, people not only need the model to
make accurate forecast, but also need the model to be able to explain how the forecast
was made. Therefore, the next-generation runoff forecasting architecture should not
only demonstrate superior performance but also ensure that its forecasting process is
reasonably interpretable. Models with higher interpretability are more likely to gain the

trust of stakeholders and have greater potential for real-world deployment.
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1.2.2 Research Objectives

To answer these research questions, we set up the corresponding Research Objectives

(RO) as follows:

RESEARCH OBJECTIVE 1 (RO1): To develop an efficient runoff forecasting model
based on lightweight neural network architecture and ensemble learning strategy. (Aims

to answer RQ1)

To address the limitations of existing runoff forecasting models that overly prior-
itize accuracy at the expense of efficiency and robustness, we propose an innovative
lightweight and robust forecasting framework. This framework employs the ensemble
strategy in place of conventional model training approaches to enhance model robustness.
Multiple homogeneous or heterogeneous weak learners are integrated either sequentially
or in parallel, depending on specific ensemble strategies. This integration reduces the
risks of overfitting and model bias, enhances stability and data diversity, and ultimately
improves robustness. In terms of efficiency, we replace the inefficient recurrent architec-
ture with lightweight neural networks that support parallel computation. By reducing
the number of model parameters and leveraging parallelism, we significantly improve
both training and inference efficiency, enabling short-term runoff forecasting models to
respond quickly to hydrological changes. The proposed framework maintains accuracy
while avoiding compromises in efficiency and robustness, demonstrating outstanding

comprehensive performance.

RESEARCH OBJECTIVE 2 (RO2): To integrate advanced machine learning meth-
ods and construct novel deep high-performance neural network architectures that over-
come the performance bottlenecks of existing runoff forecasting models. (Aims to answer

RQ2)
As outlined in RQ2, the widely used RNN and its variants exhibit inherent limita-
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tions that can significantly impair model accuracy. To address this problem, this study
proposes several high-performance forecasting frameworks that collectively overcome
current performance bottlenecks and improve predictive accuracy from multiple per-
spectives. We deeply integrate lightweight and plug-and-play attention modules into
the models. These modules adaptively recalibrate the importance of features along both
temporal and spatial dimensions, thereby enhancing the model’s ability to learn from
long input sequences. In addition, we migrate and modify several novel backbone archi-
tectures that have demonstrated outstanding performance in CV and NLP tasks, such
as ResNet which effectively mitigates performance degradation in deep networks. The
proposed frameworks significantly exceed mainstream models in both depth and width,
enabling the capture of high-level abstract features and comprehensive global modeling

of multivariate inputs.

RESEARCH OBJECTIVE 3 (RO3): To develop multi-lead-time runoff forecasting
models with high temporal robustness based on bidirectional architecture and dual-path

multidimensional attention mechanism. (Aims to answer RQ3)

Existing runoff forecasting models generally maintain robust performance only over
short forecasting horizons. This limitation is mainly due to the fact that long-term fore-
casting depends on multivariate input sequences that are several times longer than the
lead time. These extended sequences contain richer contextual information, yet current
mainstream models are unable to effectively capture the significantly increased long-
term dependencies because of inherent limitations such as vanishing gradient, limited
receptive field, and quadratic computational complexity. To enhance temporal robustness,
we propose a bidirectional architecture embedded with the multidimensional spatiotem-
poral attention mechanism. Considering the widespread use of neural networks based
on recurrent architectures in runoff forecasting, we further introduce temporal residual

connections that enable intact information transfer across cells, thereby mitigating the
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degradation of modeling capacity over long sequences. In addition, we improve the novel
Mamba architecture, which features linear complexity, and apply it for the first time
to hourly runoff forecasting. The proposed methodology effectively addresses the limi-
tations of current models in handling long input sequences, demonstrating significant

improvements in multi-lead-time prediction performance.

RESEARCH OBJECTIVE 4 (RO4): To enhance the transparency of the forecast-
ing process by deeply integrating interpretable machine learning methods into runoff

forecasting models. (Aims to answer RQ4)

The black-box nature of neural network models makes it difficult to mathematically
characterize the nonlinear mapping from input to output, and it remains challenging to
provide global interpretability for models with complex architectures. To address the lack
of interpretability that is often overlooked in mainstream runoff forecasting models, we
incorporate the theories and methodologies of interpretable machine learning (IML) into
the proposed forecasting framework. At the module level, we adopt model-specific local
post-hoc explanation techniques to intuitively visualize the model’s forecasting process.
Enhancing interpretability not only strengthens stakeholders’ trust and acceptance of
the model, but also enables the timely identification and correction of flawed patterns

and biases that may be learned during training process.

1.3 Research Contributions

This study provides a comprehensive review and analysis of the multiple challenges
faced by current neural network-based runoff forecasting models. In response to these
challenges, we systematically propose a series of optimization strategies and architec-
tural enhancements aimed at addressing their limitations. The main contributions of

this research can be summarized as follows:

11
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A Novel Runoff Forecasting Model with Integrated Accuracy, Efficiency, and

Robustness

* We propose an enhanced temporal convolutional network (TCN) for short-term

runoff forecasting, achieving higher accuracy and efficiency than recurrent models.

¢ A lightweight temporal attention module is embedded to highlight key time steps

with minimal overhead.

¢ The Snapshot ensemble boosts accuracy and robustness without extra parameters

or training cost.

A high-accuracy runoff forecasting model with dense shortcut connections

and multidimensional spatiotemporal attention mechanism

* We combine TCN with an improved ResNet architecture featuring dual residual
pathways and dense shortcut connections, enhancing accuracy through optimized

information flow and higher-level abstract feature learning.

* A plug-and-play dual-path attention mechanism is proposed to model the impor-
tance of time steps and features in parallel, enabling explicit recalibration of critical

information in the feature maps.

* The output layer of the model is further embedded with a global attention module,
which works in conjunction with the dual-path attention module to enhance the

model’s ability to perceive global information.

An interpretable runoff forecasting model with a bidirectional architecture

and temporal residual connections

12
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* This study proposes our redesigned BiGRU to process input sequences bidirec-
tionally and fuses the information efficiently through a spatiotemporal attention

module.

* In addition to dense spatial shorcuts, unique temporal shortcuts are established

between GRU cells to enhance efficient information flow in the temporal dimension.

* IML-based heatmap visualization is used to provide intuitive and reasonable

explanations for the forecasting process of local model modules.

Robust multi-lead-time runoff forecasting using emerging Mamba architec-

ture

* The Mamba architecture, which combines both convolutional and recurrent proper-
ties while maintaining linear complexity, is introduced for the first time in hourly

runoff forecasting.

* This study breaks the depth bottleneck of existing Mamba models and constructs a

deep bidirectional Mamba to improve long-sequence modeling capability.

* The proposed model achieves superior multi-lead-time forecasting performance

and maintains temporal robustness over extended horizons up to 48 hours.

1.4 Research Significance

The theoretical and practical significance of this thesis is summarized as follows:

Theoretical Significance: This thesis conducts a systematic review of widely used
neural network-based runoff forecasting models and summarizes their key limitations,
particularly the lack of attention to model efficiency, temporal robustness, and inter-

pretability in existing research. These challenges define the motivation for this work
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and guide the construction of a progressive theoretical framework, in which a series
of models are proposed to fill corresponding gaps in the field. The first contribution is
the introduction of a novel runoff forecasting model that integrates lightweight neu-
ral networks with ensemble learning and attention mechanisms, aiming to achieve a
balance among accuracy, efficiency, and robustness, and providing new perspectives
for performance-driven hydrological modeling. Furthermore, this study proposes an
innovative spatiotemporal attention mechanism designed for multivariate inputs, ex-
tending traditional single-dimension attention toward a more comprehensive modeling of
complex dependencies in temporal and spatial dimensions. To address the sharp decline
in model performance over long forecasting horizons, a new architecture is developed
by combining the dual-path densely connected ResNet with the bidirectional structure.
This model achieves superior performance across various lead times and offers a leading
theoretical solution for stakeholders with high demands for temporally robust runoff

forecasting.

Practical Significance: The research outputs of this thesis demonstrate signifi-
cant practical value and broad potential for future development. The proposed high-
performance multi-lead-time runoff forecasting frameworks establish new benchmarks
for fine-grained hourly runoff forecasting, effectively addressing critical challenges ob-
served during the deployment of existing models. Each model introduced in this work has
been rigorously evaluated through ablation and comparative experiments on real-world
datasets, validating both the effectiveness of individual components and the superiority of
the overall architecture. Moreover, the methodology is highly modular, with low coupling
and model-agnostic components that can be efficiently transferred and integrated into
most existing mainstream runoff forecasting models. The intuitive visualization of the
prediction process further improves local interpretability, thereby enhancing stakeholder

trust and facilitating real-world adoption. The outcomes of this research can be rapidly
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generalized and deployed in real-world applications that require timely and accurate
fine-grained runoff forecasting, including flood early warning systems and hydropower

dispatch.

1.5 Thesis Structure

[ Chapter 1: Introduction ]

l

[ Chapter 2: Literature Review ]

|

Chapter 3: Hourly Runoff For ing Based on E bl ] Solve . ROL . . ROI'A
g i, g Achieve balance between accuracy, Lightweight architecture and
A Temporal C Network 5
efficiency, and robustness ensemble strategy

Chapter 4: Residual Temporal Convolutional Network with

Dual-Path Spati poral A ion Mech
Solve RQ2: RO2:
> Overcome the performance Spatiotemporal attention and
bottleneck bidirectional architecture
Chapter 5: Residual Bidirectional Gated Recurrent Unit
with Spatiotemporal Shortcuts
Solve RQ4:
Ensure interpretability
P— < Ve RQ3:
Chapter 6: Deep Bidirectional Mamba for Robust Multi- |Solve N . RO3: RO4:
Lead-Time Runoff Forecastin e D eadtine Mamba-based method ;
2 2 forecasting framework IML-based method

|

[ Chapter 7: Conclusion and Future Research ]

Figure 1.2: Thesis Structure.

The structure of the thesis is shown in Figure 1.2 and the chapters are organized as

follows:

e CHAPTER 2: This chapter provides a comprehensive review of the literature
relevant to this study. It begins by introducing the concept of hourly runoff fore-
casting and tracing its development over time. The focus then shifts to the review

of existing models applied to runoff forecasting, categorized by different types of
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neural network architectures. Each model’s strengths and limitations are analyzed
in detail, which not only highlights the current research status of runoff forecasting
models in hydrology but also reveals various practical challenges encountered by
mainstream models. These findings establish a solid foundation for subsequent

optimization and improvement in this thesis.

e CHAPTER 3: This chapter presents a novel framework for short-term runoff
forecasting, termed the Ensemble Attention Temporal Convolutional Network (EA-
TCN). Its primary contribution is the seamless combination of TCN, lightweight
attention mechanism, and ensemble learning strategy, which together boost accu-
racy, efficiency, and robustness. TCN serves as the foundation of the framework,
offering an architecture with shared parameters and parallel computation that
greatly improves computational speed. The use of causal and dilated convolutions
enables effective modeling of long-term dependencies in time series data. The in-
corporated attention mechanism enhances the ability to capture intricate temporal
patterns with minimal computational overhead. Furthermore, by employing the
Snapshot ensemble technique, the framework simulates the training of multiple
models within one single learning process, thereby achieving further gains in

forecasting accuracy and robustness.

e CHAPTER 4: This chapter demonstrates an improved hybrid model, ResTCN-
DAM, based on the EA-TCN framework. The model integrates the strengths of
TCN, ResNet, and dual attention mechanism (DAM). It leverages TCN’s efficient
parallel processing of temporal data and combines it with an enhanced ResNet
featuring dual pathways and dense shortcuts, allowing lightweight TCN layers to
be deeply stacked for high-level feature extraction. The DAM module effectively
captures interdependencies across both temporal and feature (spatial) dimensions

in multivariate inputs, highlighting critical time steps and features while suppress-
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ing irrelevant ones with minimal computational cost. Through the deep integration
of these modules, the model significantly enhances forecasting performance from
multiple perspectives and successfully overcomes the performance bottlenecks
(RO2). In addition, model interpretability is improved by employing IML-based

heatmap visualizations to reveal the internal forecasting process (RO4).

CHAPTER 5: This chapter targets the most widely used recurrent-architecture-
based neural networks in runoff forecasting and proposes a novel interpretable
deep hourly forecasting framework: the SpatioTemporal Residual Bidirectional
Gated Recurrent Unit (STResBiGRU). This framework fundamentally relies on a
significantly enhanced BiGRU network, which captures rich hidden dependencies
in long sequences by traversing the input in both forward and backward directions.
A key innovation lies in the introduction of unique temporal shortcut connections
between GRU cells, enabling more efficient information propagation across time
steps. Benefiting from the lightweight structure of GRU, the model can also be
deeply integrated with the ResNet with dense spatial shortcuts, which significantly
increases network depth. The incorporation of spatiotemporal residual connections
further improves the mode of information transmission, mitigates the vanishing
gradient problem caused by deep networks and long sequences, and enhances
feature reuse. In addition, during the fusion of bidirectional information flows in
the BiGRU, a DPA module is embedded after each branch to explicitly model the
interdependencies among features across both temporal and spatial dimensions in
the forward and backward GRU outputs. Compared to conventional LSTM/GRU,
the deeply enhanced STResBiGRU demonstrates substantially improved forecast-
ing performance (RO2), and the forecasting processes of both the forward and
backward BiGRU branches are further visualized in detail using IML techniques

(RO4).
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e CHAPTER 6: This chapter proposes an hourly runoff forecasting framework,
ResBi-Mamba Plus, based on the latest state space model (SSM), to align with the
growing trend in hydrological forecasting from single-step to multi-lead-time fore-
casting. The model is built upon the redesigned bidirectional Mamba (Bi-Mamba),
where each unidirectional branch integrates dual attributes of convolution and re-
cursion while still maintaining linear complexity, significantly improved long-term
forecasting performance compared to Transformer-based models with quadratic
complexity. Through deep integration with ResNet and spatiotemporal attention
mechanism, ResBi-Mamba Plus extends the effective forecasting horizon to 48
hours and consistently outperforms mainstream models across various lead times
(RO3). In terms of interpretability, the framework employs model-agnostic IML
visualization techniques, which demonstrate that the learned attention weights

align well with fundamental temporal characteristics of time series data (RO4).

e CHAPTER 7: This chapter summarizes the research contributions of this study,
analyzes the limitations encountered during the research process, and further

discusses potential directions for future work.
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CHAPTER

LITERATURE REVIEW

As a pivotal subfield within the domain of time series forecasting, runoff forecasting plays
a crucial role in water resource management and scheduling. This chapter presents a
comprehensive review of existing literature on runoff forecasting to evaluate the current
state of research in the field and to identify key limitations in mainstream approaches.
Section 2.1 introduces the concept and categories of runoff forecasting. Section 2.2
reviews runoff forecasting models based on traditional statistical methods. Section 2.3
presents a brief overview of representative modern machine learning-based models. As
the core of this chapter, Section 2.4 provides an in-depth analysis of mainstream neural
network-based runoff forecasting models. Section 2.5 discusses related studies in deep
learning that are relevant to this research, including research on ensemble methods and

model interpretability.
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2.1 Preliminaries

2.1.1 Fundamental Concepts

The rapid development of the economy and society is inseparable from the rational
utilization of water resources [34]. However, river runoff can be considered as a complex
nonlinear system, which is affected by both natural climate change [35] and human social
activities [36], showing obvious randomness and uncertainty [37]. Therefore, reliable
runoff forecasting plays an indispensable role in the protection and rational allocation
of water resources [38]. Runoff forecasting is an important branch in the field of time
series forecasting [39]. Time series forecasting inputs the observed historical data in
a specific time period in the past as features into the model, and accurately forecasts
future data by capturing and modeling the interdependence between sequence inputs
in the time dimension. Compared with regression analysis, time series forecasting is
much more complicated [40]. The core difference between the two lies in the assumptions
about the data. The regression analysis assumes that data are independent of each other,
and changing the order of input data will not affect the outputs. Time series forecasting
assumes that there is a correlation between data, and changing the order of sequence

inputs will result in different outputs.

2.1.2 Category

As an important subfield of time series forecasting, runoff forecasting has undergone
decades of development and refinement, resulting in a relatively mature and well-
established system. Based on the underlying forecasting approach, runoff prediction
models can be broadly categorized into process-based models (also known as physically
driven models) [41, 42] and data-driven models. Process-based models simulate complex

hydrological and physical processes within a watershed to perform forecasting. Their
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main advantages lie in strong interpretability and relatively low computational cost.
However, these models heavily rely on domain-specific knowledge, making them diffi-
cult to develop and less generalizable. In contrast, data-driven models learn abstract
relationships between inputs and outputs directly from large-scale datasets, allowing
them to predict future runoff without requiring prior knowledge of complex physical
processes. As a result, they can be generalized more rapidly and flexibly to a wide range
of practical scenarios. Data-driven models are gradually replacing process-based models
as the mainstream approach in runoff forecasting, and they can be further divided into
traditional statistical methods, modern machine learning methods and neural network-
based methods. The following sections will introduce and analyze representative studies

in runoff forecasting following the framework illustrated in Figure 2.1.

2.2 Traditional Statistical Methods

Traditional runoff forecasting methods are mostly based on statistical modeling [43],
which relies on assumptions about data-generating mechanisms such as stationarity [44].
In the age of limited computing power, time series decomposition [45] with relatively
simple procedure is the more commonly used runoff forecasting method. Time series
decomposition divides the time series into three items by multiplicative decomposition
and additive decomposition according to different time series categories: trend item,
seasonal item and residual item, and then uses moving average method or exponen-
tial average method to analyze the data. These runoff forecasting methods have been

gradually replaced by better-performing algorithms.

Autoregressive model represented by autoregressive integrated moving average
model (ARIMA) [46, 47] is a traditional forecasting method that is still widely used.
ARIMA model consists of autoregressive model (AR) [48], integration (I) and moving

average model (MA) [49]. AR is an autoregressive model that only depends on the
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{ Runoff Forecasting Model ]

Process-Based Model Data-Driven Model

{

[ Traditional Statistical Method J [ Morden Runoff Forecasting Method ]

f )

[Moving Average MelhodJ { Exponential Average Method } { ARIMA J

Machine Learning

Aritificial Neural Network ]

’ Gaussian Process ] [ SVM /SVR

[ |

[ Convolutional Neural Network ] [ Recurrent Neural Network ] [ Transformer ]

1 {
(e ) [ ] [=

Figure 2.1: The categories of runoff forecasting models. Different colors represent the
level of abstraction of the model categories. Blue and red are the highest level, green is
second, and yellow represents the specific model

historical information of the sequence inputs and does not depend on other explanatory
variables. The forecast of the AR model for the current time point is the regression of
p historical values, and p is the order of AR. Since ARIMA requires the time series
to be stationary, it is necessary to integrate the unstable time series such as runoff
to obtain a stationary sequence, and I represents the d-order integration process. MA
is a g-order moving average model. Unlike AR model, MA model’s forecasting for the
current time point depends on ¢ historical forecasting error values. ARIMA integrates

these three components to transform non-stationary time series into stationary ones,
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and subsequently performs forecasting by regressing the dependent variable on past

observations and error terms.

Although ARIMA is a traditional time series forecasting method, it still plays a critical
role in runoff forecasting [50]. For example, Zhang et al. propose a hybrid medium-long
term runoff forecasting model using singular spectrum analysis (SSA) and ARIMA
[61]. SSA-ARIMA decomposes the medium-long term runoff series into subsequences
with periodic characteristics through SSA, and then uses ARIMA to further forecast
and correct the subsequences to improve accuracy. Wang et al. also propose a similar
forecasting model [52], using the time domain decomposition method: empirical mode
decomposition/ensemble empirical mode decomposition (EMD/EEMD) to decompose the
original runoff series into subsequences with different time scale characteristics, and
then use ARIMA to forecast each subsequence. Multiple experiments demonstrate that
the performance of these hybrid models combined with ARIMA is obviously better than
that of one single model. ARIMA, the representative of traditional time series forecasting

models, is still a reliable and efficient runoff forecasting method.

2.3 Modern Machine Learning Methods

With the revolution of computing power, modern forecasting methods represented by
machine learning have become the mainstream data-driven runoff forecasting models.
Support vector machine (SVM) [53] is a classic model based on structural risk mini-
mization, which has excellent performance in regression problems and classification
problems, and support vector regression (SVR) is a form of SVM applied in regression
problems [54]. SVM maps the original data space to the high-dimensional space, thereby
transforming the nonlinear problem into a linear problem in the high-dimensional space,
and by selecting appropriate kernel function, the inner product of the high-dimensional

space is transformed into the inner product of the low-dimensional space, which largely

23



CHAPTER 2. LITERATURE REVIEW

avoids the curse of dimensionality. SVM can maintain high accuracy when the feature
dimension is large and the sample size is small, and has outstanding generalization

capability.

Zhao et al. propose a chaotic least squares support vector machine hybrid model using
EMD (EMD-CLSSVM) for long-term runoff forecasting [55]. EMD-CLSSVM decomposes
the original runoff series into multiple stationary subsequences by EMD, and uses differ-
ent methods for forecasting according to whether the series has chaotic properties: least
squares support vector machine is used to predict subsequences with chaotic properties,
polynomial method is used to deal with subsequences without chaotic characteristics,
and finally the forecast results of multiple subsequences are reconstructed to obtain the
final forecast of the original runoff. Experiments prove that the proposed EMD-CLSSVM
model can well overcome the shortcomings of traditional runoff forecasting models that
cannot accurately forecast the chaotic runoff sequence, and effectively improve the

performance of the model.

Moreover, gaussian process (GP) is also a machine learning method that can be
used for both regression and classification problems [56, 57]. The essence of GP is a
combination of a series of random variables obeying normal distribution in an index
set, which can solve complex time-varying nonparametric functions, so it is suitable for
complex time series forecasting. Sun et al. use the form of GP in regression: gaussian
process regression (GPR) to forecast monthly runoff [58]. Runoff forecasting methods
based on machine learning have their own advantages and limitations in different
aspects, so it is of great significance to select an appropriate algorithm according to

specific needs and scenarios.
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2.4 Neural Network-Based Runoff Forecasting

Models

Neural network is a highly abstract artificial intelligence model of the way the human
brain processes external information. It is the most commonly used and novel technology
in time series forecasting. Neuron is the basic unit of information processing in human
brain. There are about 100 billion neurons in the brain, which form a biological neural
network. As early as 1904, biologists had discovered the physical structure of neurons in
the human brain. A standard biological neuron consists of multiple dendrites for receiving
incoming information and an axis for transmitting information to other neurons. sudden
composition. When the signal received by the dendrite exceeds the threshold, the neuron

will be activated and send a signal to the axon to deactivate the corresponding neuron.

The mechanism of the artificial neural network is just with reference to the biological
neural network, McCulloch and Pitts proposed the first neuron model based on this
mechanism in 1943. A standard neuron in the network has n inputs, and each input has
a corresponding weight. Neuron linearly combines the inputs according to the weights
and performs nonlinear transformation on them through activation function to obtain
the neuron’s output. The proposal of neurons laid the foundation of neural networks,
but the original neuron model had many limitations, such as the weight of neurons was
preset, so the model did not have the ability to learn. In 1958, computational scientist
Rosenblatt proposed a two-layer perceptron model that could be used for simple image
recognition. The perceptron model is the first artificial neural network with learning
ability. However, the two layers of the perceptron are the input layer and the output
layer, not the hidden layer structure in modern neural networks, so the perceptron is
just a single-layer neural network that can only solve simple linear classification tasks.

In 1986, Rumelhar and Hinton proposed a milestone in neural network: backpropagation

25



CHAPTER 2. LITERATURE REVIEW

algorithm [59]. In neural network, forward propagation means that the training data
is passed into the neural network, and the forecast of the network is obtained after
the training of hidden layers. Backpropagation calculates the error between forecast
and label value through cost function, and updates the weights of each layer through
optimization algorithms such as gradient descent along the direction from output to
input, this allows neural network to continuously improve its accuracy through iterative

training.

The proposal of the two-layer neural network marks the continuous growth and
maturity of modern neural network. People can train networks through huge amount
of input data, and continuously improve the number of layers and performance of
the neural networks through various optimization algorithms, so that modern neural
network develops in the direction of deep learning and shows excellent performance
in various fields. Among them, in the field of runoff forecasting, three neural network
models are considered as the mainstream methods: CNN, RNN, and transformer, which
is currently emerging in CV and NLP. This section explores the application of these

high-performance neural networks in runoff forecasting.

2.4.1 Runoff Forecasting Models Based on Convolutional Neural

Network

CNN is a modified neural network that can perform convolution operations. A standard
CNN contains multiple layers: convolutional layers, pooling layers and fully connected
layers. Two core properties of convolutional neural networks are sparse connections and
weight sharing. CNN performs convolution by sliding convolution kernels in each feature
map, which makes neurons in each layer only need to be sparsely connected with part
neurons in the previous layer and share the parameters of one convolution kernel. CNN

requires significantly fewer parameters than the fully connected neural network, which

26



2.4. NEURAL NETWORK-BASED RUNOFF FORECASTING MODELS

enables the stacking of more layers to achieve enhanced feature extraction capability.

[60].

Li et al. propose a rainfall-runoff forecasting model [61] based on CNN and deep belief
network (DBN) [62]: convolutional deep belief networks (CDBN). Benefits from its sparse
connection and weight sharing properties, CNN can stack multiple layers to extract more
abstract features. However, the continuous increase of network depth brings the following
problems: too many parameters lead to greatly increased training time, gradient descent
algorithm is easy to fall into local optimum, and vanishing/exploding gradient problem
makes deep network difficult to train. DBN is the most effective method to solve the
problem of training deep neural network. It assigns appropriate initial weights to the
entire network through layer-by-layer unsupervised pre-training, which largely reduces
the training difficulty, so that the network only needs to be fine-tuned to obtain the
optimal weight value. The proposed CDBN is a probabilistic generative model, inspired
by [63], consisting of multiple layers of convolutional restricted Boltzmann machines
(CRBM), including a visible layer for receiving input and hidden layers for extracting
features. In the experimental part, CDBN uses historical rainfall and runoff data of
different lengths to forecast the runoff in the lead time of 1 day, 3 days and 5 days. The

highest R? of CDBNSs is 0.94, which well proves its validity.

Yan et al. propose a flow interval forecasting model [64] based on CNN, residual
network (ResNet) and lower and upper bound estimation (LUBE) [65]. The proposed
stResNet-LUBE consists of 4 modules: convolutional layers perform preliminary feature
extraction on the input historical rainfall, historical runoff and future rainfall data, and
then visual geometry group (VGG)-based [66] ResNet is used for further forecasting. The
forecast result will be passed to the additional feature fusion module, and the final output
is obtained through the LUBE fully connected layer. Results of the interval forecast for

the next 6 hours at a confidence of 90% on the spatiotemporal dataset of Tunxi show
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that the stResNet-LUBE using ResNet structure has obvious performance improvement
compared with stCNN-LUBE. R? increases from 0.948 to 0.966, proving that ResNet

can indeed improve the performance of CNN.

Vanilla CNN needs to linearly stack multiple layers to learn long-term dependencies,
while TCN can achieve the same effect with fewer layers by dilated convolution. The
proposal of TCN enables CNN to have both accuracy and efficiency in time series
forecasting, and TCN has already demonstrated its excellent performance in runoff
forecasting. Lin et al. propose a runoff forecasting model that combines TCN and encoder-
decoder (ED) [67] architecture for Jianxi basin, China [68]. The proposed TCN-ED
not only possesses the excellent time series forecasting capability of TCN, but also
significantly improves the stability of the model through the encoder-decoder architecture,

making TCN-ED more robust to fluctuations in the rainfall process.

2.4.2 Runoff Forecasting Models Based on Recurrent Neural

Network

RNN is a model that can process sequence inputs. Traditional neural networks do
not have the ability to process sequential inputs, that is, previous inputs do not affect
subsequent inputs. However, when dealing with time series such as runoff, we want
the model to capture the hidden relationships between the sequence inputs in the time
dimension. When RNN processes time series, the state of the hidden layer of each
moment is jointly determined by the current input and the state of the hidden layer of
the previous moment, which makes the RNN have memory and can store the previous
information and learn the hidden relationships in the time dimension. RNN also suffers
from several limitations, such as the long-term dependencies and vanishing/exploding
gradient, which may lead to the failure of the model to be well trained. As a result, the

most widely used recurrent architecture-based neural network in current practice is
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LSTM. Different from vanilla RNN, LSTM has its unique gating mechanism [69], which
can selectively memorize useful information and discard useless information through

forget gate, input gate and output gate.

Due to the above advantages, LSTM has become the most widely used runoff forecast-
ing model. Yuan et al. propose a hybrid LSTM and ant lion optimizer model (LSTM-ALO)
to perform monthly runoff forecasting for Astor River Basin [8]. LSTM-ALO adopts the
ALO optimization method to optimize two important parameters of LSTM: the num-
ber of hidden layers HN and the learning rate a. Multiple sets of control experiments
have proved that ALO can improve the performance of LSTM under different model
inputs, and LSTM-ALO has better results than the hybrid of LSTM and particle swarm

optimization method (LSTM-PSO).

LSTM can also be combined with CNN to improve accuracy. Li et al. perform rainfall-
runoff forecasting using CNN-LSTM combined model [70]. The proposed model leverages
the strengths of both CNN and LSTM: CNN extracts features from two-dimensional
rainfall radar maps, while LSTM handles the outputs of CNN along with upstream runoff
data. Experiments demonstrate that the proposed CNN-LSTM model can accurately
forecast the downstream runoff of the Elbe River Basin in Sachsen, Germany during wet
and dry periods. The combined model based on CNN and LSTM has also been proven to

work well for river basins with historical rainfall radar maps and recorded runoff data.

Liu et al. propose another hybrid model: Conv-TALSTM that combines CNN, LSTM
and temporal attention mechanism [71] to forecast the runoff of the Han Jiang River
Basin [72]. The inputs of the proposed model use historical daily meteorological and
hydrological data recorded by meteorological and hydrological stations in the Han Jiang
River Basin, including daily precipitation, temperature, wind speed, relative humidity,
sunshine duration, and daily flow. Due to the massive input features, one-dimensional

CNN is used to extract abstract features from different variables in the preprocessed
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inputs, and the outputs of the convolutional layer are passed to the subsequent LSTM
layer to learn the hidden relationship in the time dimension. The temporal attention
mechanism models the importance of LSTM outputs at different moments and represents
them as weights. The outputs of the LSTM layer are weighted and summed with the
weights normalized by softmax, and finally, the forecast result of the model is obtained
through a fully connected layer. Multiple experiments demonstrate that Conv-TALSTM
performs runoff forecasting better than traditional neural networks and distributed

hydrological model Wetspa [73].

Several variants have been developed based on LSTM. Among them, GRU simplifies
the structure and improves computational efficiency by combining certain gating units,
making it popular in runoff forecasting. Bi et al. propose a hybrid model CAGANet based
on CNN, GRU, attention mechanism and AR model to forecast daily runoff of the Qingxi
River Basin [74]. Daily runoff has strong uncertainty and instability, so the proposed
method first uses a linear interpolation method [75] to enhance the stability of the input
hydrological data, and then inputs the enhanced data into CAGANet. The enhanced data
is divided into long-term data and short-term data. The long-term data is input into the
convolution layer for feature extraction, and the extracted features are passed to the
attention mechanism layer to assign weights, then the weighted data is passed to the
GRU layer to perform time series forecasting for the nonlinear part. The short-term data
is passed into the AR model to forecast the linear part, and then the nonlinear part and
the linear part are integrated to obtain the final forecast result of CAGANet. Several sets
of comparative experiments have strongly demonstrated that the proposed CAGANet
has higher accuracy than vanilla LSTM and AM-LSTM with attention mechanism, and
the NSE can reach 0.854 without data enhancement. After using the data enhancement
method to improve the data stability, the NSE of the model is even as high as 0.993,

which proves that the CAGANet using the data enhancement method has excellent daily
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runoff forecasting performance.

Zhou et al. add a bidirectional structure on the basis of vanilla LSTM [76], and can
make full use of the complementary information of the past and the future for inference
on NLP-related tasks by processing sequences both forward and backward. The proposed
deep bi-directional LSTM (DB-LSTM) first utilizes a standard LSTM to process the input
sequence forward, followed by a second LSTM layer that processes the output of the first
layer in the opposite direction. These two LSTM layers form a basic processing unit, and
these paired LSTM layers are stacked to build a deep LSTM model. By increasing the
model depth and introducing the bidirectional structure, the proposed DB-LSTM has

obvious advantages over traditional models.

2.4.3 Runoff Forecasting Models Based on Transformer

Attention mechanism is a kind of mechanism commonly used in deep learning models,
which can make the model amplify high value features of the input. Sequence-to-sequence
(S2S) models using attention mechanism have shown significant performance improve-
ments in various fields. At present, many LSTM-based sequence-to-sequence models
have demonstrated outstanding accuracy in runoff forecasting [77, 78]. However, LSTM
cannot directly connect any two positions in the time series, but the connection between
any two positions can make the model more comprehensive to learn the complex hidden
relationship between time series. Therefore, Vaswani et al. propose the Transformer
model based on full attention structure, which surpassed LSTM in the NLP field [79—
81]. Transformer is a high-performance cutting-edge neural network model. Like most
sequence-to-sequence models, Transformer consists of an encoder and a decoder, and
both the encoder and the decoder contain 6 blocks. Each encoder block and decoder block
contains Multi-Head-Attention [82] composed of Self-Attention [83], where the encoder

block contains one Multi-Head Attention, and the decoder block contains two Multi-Head
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Attention, one of which is Masked Multi-Head Attention, used to prevent future informa-
tion leakage. First, the Transformer model obtains the representation vector of the time
series input. The representation vector is obtained by adding the Embedding of the input
features and the Embedding of the input position. The representation vector matrix is
passed to the 6 stacked blocks in the encoder, and the encoded information matrix of
all time series inputs is obtained. The encoded information matrix is then passed to
the decoder, which in turn predicts the next sequential input based on the currently

predicted inputs.

Transformer has also been initially applied in runoff forecasting. Yin et al. propose
the first Transformer model RR-Former for rainfall-runoff modeling [84]. The model
can directly strengthen or weaken the connection of two arbitrary positions of time
series inputs through the Transformer’s full attention module. Experiments show that
the accuracy of the proposed RR-Former is significantly better than that of the LSTM-
based model on two tasks of single rainfall-runoff simulation and regional rainfall-runoff
simulation, which proves the feasibility and effectiveness of Transformer in the runoff
forecasting task. Although the Transformer architecture has not been applied on a
large scale in runoff forecasting, its excellent long-distance modeling capability and
multimodal fusion ability make it have great potential and research value, and it is an

important development direction of future runoff forecasting models.

Transformer is an emerging neural network branch with vigorous vitality. Although
its application in the field of runoff forecasting has just started, Transformer has become
the most popular research object in the field of CV and NLP, and various variants with
different characteristics have appeared. Lin et al. study the current mainstream Trans-
former variant structures [85], and propose that these variants are mainly to improve
the vanilla Transformer from three directions: efficiency, generalization capability and

application scenarios. In terms of improving the efficiency of the model, the current
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direction of improvement is mainly to use lightweight attention mechanism and divide-
and-conquer methods to modify the self-attention module, so as to solve the problem that
Transformer is inefficient when processing long sequences. To improve the generalization
capability of Transformer, structural bias, regularization and large-scale pre-training
are introduced. In addition, Transformer can also be customized for specific downstream
tasks, so that it can perform well on specific tasks. Transformer is still under rapid
development and we believe it is one of the most promising runoff forecasting methods

at present.

When applying Transformer to runoff forecasting, in addition to exploring the
lightweight aspect of the model, making full use of Transformer’s multi-modal fusion
capability is also one of the effective ways to improve model performance. The data
we obtain for runoff forecasting in a region is often diverse, so the fusion of different
modal data for prediction can significantly improve the expressiveness of the model.
For example, we can fuse the information of the two modes of rainfall radar map and
historical runoff data in the target area through Transformer. First, networks like CNN
can be used to extract features from two-dimensional images, and then time series fore-
casting model can be used to process one-dimensional historical runoff data, and then the
output feature maps of the two models can be fused through the self-attention module
of Transformer. Through this approach, models that incorporate data from multiple

modalities can make more accurate predictions.

2.5 Other Related Studies

2.5.1 Ensemble Methods

Through previous surveys and research, we found that most of the current runoff fore-

casting models are accuracy-oriented. However, Su et al. point out that well-trained
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deep neural networks still have the potential to misclassify adversarial examples [33].
Experimental results based on evaluations of 18 ImageNet models indicate that these
high-performance models often have obvious trade-offs between accuracy and robustness,
and blindly pursuing accuracy may bring serious loss of robustness. Ensemble method
[86] is considered as an important way to improve robustness and accuracy. Individual
models may incorrectly classify or predict some samples in complex scenarios. Therefore,
integrating multiple models through a specific algorithm to obtain a model with stronger
accuracy and robustness can reduce the probability of the model making wrong forecasts

to a certain extent.

If there is no strong dependency between the individual learners used for ensemble,
and a series of individual learners can be generated in parallel, then this type of ensemble
method is called Bagging series ensemble method [87]. For the outputs of multiple
homogeneous learners trained in parallel, the Bagging ensemble method adopts different
aggregation strategies depending on the task type. For classification tasks, the final
prediction is obtained through majority voting, whereas for regression tasks,Afincluding
time series forecasting-the outputs are typically averaged. By leveraging multi-model
decision-making, Bagging significantly reduces the impact of individual model errors on
overall performance, thereby enhancing robustness. It is simple to implement, model-
agnostic, and exhibits strong generalization capabilities. However, its major drawback
lies in the substantially increased computational cost resulting from the training of

multiple models.

When individual learners exhibit strong dependencies and must be generated in
sequence, the ensemble approach is referred to as the Boosting series ensemble method.
Freund et al. demonstrate a powerful ensemble approach to boosting: Adaboost [88].
AdaBoost assigns weights to training samples and weak learners. After each iteration

of training, it increases the weight of misclassified samples and reduces the weight of
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correctly classified samples, which makes subsequent weak learners pay more attention
to the misclassified samples in previous training process. In addition, the weak learners
are also given weights according to their performance, and finally the weak learners will
be integrated according to the weights to obtain a strong learner with better compre-
hensive performance. Huang et al. further combine ResNet with AdaBoost, and propose
BoostResNet [89], which treats each residual block as a weak learner, then the output of
BoostResNet is the progressive integration of all residual blocks. Ensemble method also
has great application potential in runoff forecasting, which can help people train more

robust and accurate runoff forecasting models.

2.5.2 Interpretability

Interpretable machine learning is also a hot research direction in artificial intelligence,
and its goal is to balance the performance and interpretability of machine learning. When
developing machine learning models, people tend to pay more attention to the accuracy,
robustness and generalization of the model, but these indicators cannot completely
determine whether a model can be widely recognized and applied in the field. If people
don’t fully understand why machine learning models make decisions, or if the models
are not as transparent as expected, those models may not be adopted. According to
Molnar [90], interpretability refers to how well people can comprehend the reasoning
behind a decision or reliably anticipate a model, Ads output. The interpretability of a
model allows its behavior to be better understood and accepted by people.Interpretable
machine learning mainly explains three aspects: the motivation of the model’s forecast,
the reason why the model makes the forecast, and how people can trust the model’s
forecast. In order to explain the above problems, many interpretability methods have
been proposed [91], which can be further divided into intrinstic or post-hoc method,

model-specific or model-agnostic method, and local or global method according to the
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different characteristics of the methods. In the field of time series forecasting, there is

more focus on whether interpretability methods are model-specific or model-agnostic.

Chang et al. propose a multivariate time series forecasting model based on memory
network [92]: memory time series network (MTNet) [93], which considers the inter-
pretability of time series forecasting models. MTNet uses an attention mechanism to
model the importance of the previous sequence to the current forecast in the time di-
mension. Therefore, in the experimental part, MTNet adopts a local model-agnostic
interpretability method to visualize the weight of the attention module. The historical
sequence segments that are similar to the recent data will be given a higher weight by
the attention module, which increases the interpretability of the attention module. Lim
et al. propose the Temporal Fusion Transformer (TFT) [94] based on the Transformer
structure for interpretable multi-horizon time series forecasting. TF'T has a good trade-off
between performance and interpretability, combining multi-horizon forecasting with
interpretable time dynamics. From the beginning of the design, TFT has considered
how to reasonably interpret the forecast results of the model. Self-attention module in
the traditional Transformer mainly considers the importance of time, while ignoring
the importance of features at a specific time point. Therefore, the variable selection
network (VSN) is used in TFT for variable selection, and the attention mechanism is
also used to identify the time steps that have the greatest impact on model performance.
In the experimental part, the authors demonstrate three model-specific interpretability
use cases, starting with analyzing variable importance of inputs, and quantifying the
variable selection weights of VSN to explain the general relationships learned by VSN.
The second is to visualize the weights learned by the attention module to increase peo-
ple’s trust in the attention module. The final step involves detecting regimes or events
that cause notable shifts in temporal patterns. In the S&P 500 volatility scenario, the

model, Ads attention weight exhibited clear changes during the 2008 financial crisis,
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demonstrating its ability to recognize important regimes.

Cheng et al. proposed a novel multi-modality graph neural network (MAGNN) [95].
Interpretability is achieved through model-specific feature weight visualization. The
model uses multi-modality sources as input to the model and retains historical infor-
mation from the sources (e.g., historical precipitation, soil quality, climate, etc.) The
inner-modality attention model captures graph-structured relationships between in-
puts and target outputs. Meanwhile, the inter-modality attention mechanism assigns
adaptive weights to different sources based on their contributions to prediction. Model in-
terpretability can be realized by visualizing attention weights, such as through heatmaps,
for both intra-modality graph attention and inter-modal source attention. The resulting
weight differences reveal feature importance and help identify the key factors driving

the forecasting outcomes.
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CHAPTER

HOURLY RUNOFF FORECASTING BASED ON ENSEMBLE
ATTENTION TEMPORAL CONVOLUTIONAL NETWORK

RQ1 highlights the limitations of current runoff forecasting models, which often prioritize
accuracy at the expense of robustness and efficiency. Addressing RO1, this chapter pro-
poses the Ensemble Attention Temporal Convolutional Network (EA-TCN), an advanced
framework tailored for hourly runoff forecasting. The innovation stems from combining
Temporal Convolutional Network (TCN), lightweight attention module, and ensemble
learning strategy into a cohesive architecture. This design jointly improves precision, effi-
ciency, and robustness. The TCN backbone, with its shared parameters and parallelizable
structure, accelerates computation while effectively modeling long-term dependencies
through causal and dilated convolutions. The attention mechanism enhances temporal
feature extraction, allowing EA-TCN to capture complex patterns and achieve strong
temporal robustness across varying forecasting horizons, surpassing traditional models.
Moreover, the Snapshot ensemble technique enables the framework to mimic the benefits
of training multiple models within one single learning process, further strengthening

performance. Extensive ablation and comparative studies on the US Columbia River
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dataset confirm the contribution of each component and demonstrate the superiority of
their integration. Overall, our findings establish EA-TCN as an oustanding solution for

short-term runoff forecasting.

Section 3.1 introduces the background and discusses the current challenges as well
as the motivation behind the proposed methodology. Section 3.2 defines the runoff
forecasting task. Section 3.3 presents the proposed methodology in detail, including
the structure and functionality of each module. Section 3.4 provides a comprehensive
evaluation of the model through ablation and comparative experiments. Finally, Section

3.5 summarizes the chapter and outlines the limitations identified in this study.

3.1 Introduction

River runoff is affected by various factors such as meteorological activities, underlying
surfaces, and human development [96, 97], and exhibits strong nonlinearity, randomness
and uncertainty. However, changes in river runoff have a significant impact on the
ecological environment and human activities in the river basin, which brings huge
opportunities and challenges to the current use of water resources [98]. Therefore,
accurate runoff forecasting has gradually become an indispensable part of modern
hydraulic engineering system. Runoff forecasting can provide data and theoretical
support for flood control, water resources planning, hydropower station scheduling, and
river basin environmental governance, so that water conservancy department can better
deal with the opportunities and challenges brought about by complex and changeable

river runoff [99].

Fine-grained hourly runoff forecasting typically involves runoff over horizons ranging
from a few hours to several days [100]. At this finer temporal resolution, river runoff is

highly sensitive to external factors such as temperature fluctuations, sudden rainfall
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events, and human activities, resulting in significant temporal variability and frequent
high-frequency fluctuations. These characteristics give rise to strong nonlinearity and
non-stationarity in the data, making hourly runoff forecasting inherently a task of
modeling a high-frequency, complex, disturbance-prone, and rapidly responsive dynamic
system. Moreover, compared to daily, monthly, or annual runoff forecasting, hourly
forecasting relies on much longer sequences containing high-resolution dynamic features.
This leads to a substantial increase in both data volume and density, placing greater

demands on the model’s capability to capture temporal dependencies [101].

Hourly runoff forecasting is virtually indispensable in hydrological scenarios that
emphasize real-time monitoring, short-term warning, and rapid response. In addition,
runoff forecasting can bring huge economic benefits. Taking the European Flood Awar-
ness System (EFAS) [102] as an example, by calculating the potential avoidable flood
losses, it can be concluded that for every 1 euro invested in early flood warning, the
return is about 400 euros. It can be seen from the example of EFAS that this cross-border
continental-scale flood warning system based on runoff forecasting has very considerable
potential monetary benefits, which intuitively shows that runoff forecasting has great
research significance and broad application prospects. For the reasons outlined above,
this study focuses on hourly runoff forecasting, which is considered the most challenging
among runoff forecasting tasks. The review of mainstream runoff forecasting models
reveals that most existing approaches are predominantly accuracy-oriented and there-
fore tend to rely heavily on complex time series forecasting. Neural networks based on
recurrent architecture, such as LSTM and GRU, have delivered impressive performance
in runoff forecasting [103], yet they exhibit certain inherent limitations. For example,
LSTM relies on numerous gating units to regulate input information, resulting in an
excessive number of parameters. Furthermore, its sequential design requires each cell’s

computation to depend on the previous output, leading to low computational efficiency.
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The lack of efficiency can significantly affect both training and inference speed during
real-world deployment, and may even determine whether a model can be implemented
on edge hydrological monitoring devices or embedded systems. In addition, contemporary
runoff forecasting datasets are typically collected automatically by sensors or monitoring
stations deployed across river basins. As a result, these datasets often contain measure-
ment errors or missing values due to limitations in sensing and recording processes.
At the hourly scale, small perturbations or anomalies can have a disproportionately
large impact on model performance compared to coarse-grained forecasting. In high-risk
scenarios such as flood early warning [104], such sensitivity may lead to severe misjudg-
ments. This imposes particularly stringent requirements on the robustness of hourly
runoff forecasting models. However, robustness remains a largely overlooked metric
in the design and evaluation of existing models. Most mainstream runoff forecasting
models fail to explicitly consider robustness during construction and testing, which can

substantially compromise their overall performance in practical applications [105].

To address these critical challenges, we present EA-TCN, an innovative and efficient
model designed for runoff forecasting. The model builds upon the capabilities of TCN,
while incorporating a lightweight attention module and the Snapshot ensemble method.

The main contributions of this study include the following:

¢ Animproved lightweight TCN architecture based on convolutional operations is ap-
plied to runoff forecasting. Compared to conventional recurrent architecture-based
neural networks, TCN’s smaller parameter size, greater architectural flexibility,
and inherent parallel processing capability make EA-TCN a strong competitor,

surpassing existing models in both accuracy and computational efficiency.

¢ A key strength of EA-TCN is its integration of our proposed plug-and-play attention

module specifically crafted for temporal data. This module efficiently identifies
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the importance of each time step in the input sequence while incurring very low

computational cost.

¢ To simultaneously improve accuracy and robustness, the Snapshot ensemble
method is incorporated into EA-TCN. This approach enables the effect of training
multiple models in one single process, without introducing additional parameters

or extending training time.

3.2 Definition

Long short-term multivariate hourly runoff forecasting. Given historical mul-
tivariate hourly runoff series with a fixed-length look-back window of L samples X =
{x1,%2,...,x1}, where data point x; € RY at ¢-th time step consists of M variables, the
objective of the model is to predict the runoff sequence & = (x7,+1,%1.+2,...,X1+7) in the
next T hours. The forecasting process is conducted through the sliding window, whereby
after each forecasting of the future runoff sequence % is completed, the look-back window
slides forward according to a predefined step size T for subsequent forecasts. To ensure
that the predicted values closely approximate the ground truth, it is important for the
model to be trained on sufficiently long historical sequences, particularly when capturing
temporal dependencies and periodic runoff behaviors. Therefore, the look-back window

length of historical data L should be greater than or equal to the forecasting horizon T'.

3.3 Methodology

The proposed EA-TCN integrates three complementary sub-modules, each designed to
address key challenges in time series forecasting. The TCN backbone enables parallel
processing of input sequences, improving efficiency and overcoming the limitations of

recurrent models with long sequences. An adaptive attention mechanism, inspired by
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the squeeze-and-excitation network (SENet), adjusts the weight of each time step to
highlight critical temporal patterns and dependencies, thus boosting predictive accuracy.
The Snapshot ensemble method further enhances generalization and robustness by
capturing diverse model states at different training stages, without the need for training
multiple separate models. These components work in concert to deliver a solution that
combines accuracy, efficiency, and resilience, distinguishing EA-TCN from neural net-
works based on recurrent architecture. This section provides a detailed introduction to

the architecture and advantages of each module.

3.3.1 Temporal Convolutional Network

For a long time, RNN, LSTM and GRU are considered as mainstream sequence fore-
casting methods, the recurrent architecture of RNN enables the network to retain and
utilize the previous inputs, giving the network the capability of memorizing information.
LSTM and GRU incorporate gating mechanisms into the foundational RNN structure,
thereby endowing the network with the capacity to capture long-term dependencies and
solve the problem of vanishing/exploding gradient. Vanilla CNN is rarely used in the
field of sequence forecasting, because the filter size limits the receptive field of CNN,
making it difficult to model long input sequences. However, RNN can only read and
process one single input at a time, which means that the network must complete the
processing of the input at the present time before it can continue to process subsequent
inputs, so RNN cannot perform massive parallel processing like CNN. In addition, RNN
is a compute-intensive model. All intermediate information needs to be retained in each
training, so it will occupy a large amount of memory resources. With the continuous
development of CNN, more and more CNN structures are tentatively used in the field of
sequence forecasting, such as the Wavenet for speech generation modeling proposed by

Google [106]. The advantage of CNN in dealing with sequence forecasting problems is
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that each calculation does not need to wait for the completion of the previous information
processing, so each calculation is independent, and massive parallel processing can be

performed to improve efficiency.
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Figure 3.1: The structure of TCN. The TCN showed in the figure employs dilation factors
of d =1,2,4, allowing the model’s receptive field to expand exponentially. The orange line
on the right represents the 1 x 1 convolution shortcut connection within TCN that links
the input directly to the output. The utilization of residual connection and A convolution
significantly enhances the TCN’s capability to capture long-term dependencies.

Can CNN replace RNN and become a universal sequence forecasting model? Bai et al.
propose an improved CNN: TCN [107], and compares TCN with recurrent architectures:
RNN, LSTM and GRU on 11 different types of sequence forecasting tasks. Experimental
results show that TCN has higher efficiency and accuracy on 9 out of 11 tasks, which
proves that TCN can surpass the mainstream methods based on recurrent architecture
in sequence forecasting. On this basis, TCN also possesses the unique lightweight
architecture and parallel processing capability of CNN. Its computational cost and
complexity are significantly lower than those of models based on recurrent architecture.
This affords us the potential to construct a deeper model for learning high-level abstract

features, which underpins our choice of TCN over widely used time series forecasting

45



CHAPTER 3. HOURLY RUNOFF FORECASTING BASED ON ENSEMBLE
ATTENTION TEMPORAL CONVOLUTIONAL NETWORK

models like LSTM. The structure of TCN is shown in Figure 3.1. In order to better
apply the convolution structure to the processing of sequence problems, TCN uses
causal convolution. The traditional convolutional neural network has a drawback when
performing sequence forecasting, that is, the output at time ¢ may depend on the elements
at time ¢ + 1 and later in the previous layer during convolution, which indicates that the
model uses future data to forecast the present input. Causal convolution imposes strict
time constraints on ordinary convolution operations. The output at time ¢ will only be
convolved with elements at present and earlier time in the previous layer. This one-way
structure ensures that future information will not be leaked. TCN also uses 1D fully-
convolutional network (FCN) and zero padding, so that the length of each convolution

layer is consistent with the input layer.

Another characteristic of TCN is dilated convolution [108]. Both ordinary FCN and
causal convolution have a problem, that is, the size of the filter will limit the modeling
length of the time series inputs. If the traditional CNN wants to increase the receptive
field to learn long-term dependencies, it needs to linearly stack a large amount of layers,
which will greatly increase the depth of the network. TCN introduces dilated convolution
to solve this problem. Dilated convolution allows the convolutional layer to sample the
sequence input at intervals, and control the sampling rate through the dilation factor. As
shown in Figure 3.1, the dilation factor of the first layer is d = 1, which indicates that
the model at this time is performing a regular convolution, and every input is sampled.
In the second layer, d = 2, which means that every two inputs will be sampled once as
input. The dilation factor increases to d = 4 in the last layer, at this time, every four
inputs will be sampled once as input. The dilated convolution operation F' on element s

of the sequence input can be formulated as:

h-1
(3.1) F(s)=(x*qf)(s)=)_ f(i) Xs-q.
i=0
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where x represents the 1-D sequence input, f and %k represent the filter and filter size
respectively, d is the dilation factor. The dilation factor d, which increases exponentially
with the number of layers, enables the model to obtain a large receptive field with a small
number of layers, thus improving the model’s ability to learn long-term dependencies.
Moreover, as shown Figure 3.1, a residual connection from input to output is also
established in each TCN module. It is worth noting that the shortcut connection type
widely used in ResNet is the identity mapping shortcut connection. In TCN, since the
input and output may have different dimensions, a 1 x 1 convolution residual connection
is used to ensure that the input and output have the same dimension when performing

element-wise addition.

As a kind of modified CNN that can perform sequence forecasting, TCN has the
following advantages: TCN is capable of conducting extensive parallel processing, when
the input sequence is long, the training efficiency will be improved; TCN has a flexible
receptive field by stacking multiple convolutional layers and controlling the dilation
factor and filter size, which can be adjusted according to different tasks; The back
propagation path of TCN is different from the direction of the sequence, which avoids the
vanishing/exploding gradient in recurrent architectures; TCN has the feature of CNN
weight sharing, that is, each layer shares one convolution kernel, so it takes up lower
memory during training process. It is thus well-suited for short-term runoff forecasting

tasks demanding both precision and efficiency.

3.3.2 Lightweight Attention Mechanism based on

Squeeze-and-Excitation Network

Short-term runoff forecasting requires flexible forecast across various future lead times,
making multi-lead-time capability essential for the proposed model. Yet, existing ap-

proaches often show degraded performance as lead time increases, largely because
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accommodating longer horizons demands multiplying the number of input time steps. To
address this, it is crucial for the model to focus on informative inputs while filtering out
irrelevant ones. We therefore tightly integrate an attention mechanism with the TCN,

enabling EA-TCN to adaptively extract critical temporal features.

Squeeze Excitation
/—P( GAP ]——V[ ECI, J—>[ ReLU H e H Sigmoid
[1x1x1] [Ix1x(T'/r)] [Ix1x(T'/7)] [Ix1x1] [1x1x1]
[NXTxF]
( Input H TCN } X °
" ]
Shortcut

Figure 3.2: The modified SENet module is embedded in each TCN layer of EA-TCN,
enabling the model to focus on informative time steps while down-weighting less relevant
ones.

The attention mechanism [109] in neural networks resembles human focus by con-
centrating on key elements rather than treating all inputs equally. It adaptively assigns
weights to different parts of the input, highlighting important information. In EA-TCN,
we incorporate SENet [110], a lightweight attention module from the CV domain [111], to
explicitly capture temporal dependencies. Figure 3.2 demonstrates the SENet structure,
which comprises two key operations: squeeze and excitation. The squeeze step uses
a global average pooling (GAP) layer to reduce the TCN’s three-dimensional output
[N xT x F]into a [1 x 1 x T'] vector by aggregating along the feature dimension, where
N is batch size, T is the number of time steps, and F' is the number of features. This
compresses all features at each time step into a single real number that represents the
global distribution of the response of the time step in the feature dimension. The squeeze

operation is expressed as:

(3.2)
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where f is the number of features. The squeeze operation expands the receptive field
while reducing parameters and computational cost, which underpins SENet’s lightweight
design. The subsequent excitation step uses two fully connected layers: the first com-
presses the dimensionality by a factor determined by hyperparameter r to lower parame-
ter count, and the second restores it, generating weights via a Sigmoid activation. These
weights rescale the TCN’s output, completing the time step recalibration. The excitation

process is defined as:
(3.3) £1 =0 (Wa6(W1x1))

0 denotes the ReLU activation following the first fully connected layer, o is the Sigmoid

applied after the second, and W represents the respective layer weights.

Compared to attention mechanisms like CBAM [112] and ECA-Net [113], SENet
offers a simpler design that ensures higher computational efficiency and lower complexity,
making it well-suited for long time series processing. Its ability to directly modulate
responses across time steps provides a global view, ideal for time series where crucial
information is distributed throughout the sequence. These strengths led to its adoption
as the core attention module in EA-TCN. When combined with TCN, SENet effectively
captures temporal dependencies at reduced computational cost, adaptively refining the
relevance of each time step. As a result, EA-TCN focuses on essential temporal features
while down-weighting less informative ones, significantly improving temporal robustness

and enabling precise multi-lead-time runoff forecasting.

3.3.3 Snapshot Ensemble Method

In machine learning, one individual weak learner has various limitations, such as
low accuracy and robustness. Moreover, a weak learner is more likely to have certain
preferences in the forecasting process, which makes it lack of generalization capability.

Ensemble method can integrate the forecasts of multiple weak learners through a specific
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algorithm, and obtain a strong learner whose comprehensive performance is stronger
than that of one individual weak learner. Through ensemble method, even if a weak
learner makes a wrong forecast, other weak learners can correct the wrong results,
thereby improving the accuracy and maintaining a certain robustness when there exists

noise in the data.

Loss

Training Epochs

Snapshot Snapshot Snapshot
Point 1 Point2  Point 3

Figure 3.3: The process of Snapshot ensemble method. When the model’s loss decreases
to a lower level during iterative training, the model parameters at each snapshot point
are saved. Upon completion of the training, these parameters are reconstructed into a
complete weak learner for forecasting. This implies that Snapshot ensemble method
is capable of obtaining the impact of training multiple homogeneous models within a
singular training procedure.

Snapshot ensemble method is a novel ensemble method proposed by Huang et al.
[114]. Unlike typical Bagging ensemble methods, the Snapshot ensemble method only
needs to be trained once, and multiple models that converge to different local optimal
values can be obtained and integrated. In order to achieve the effect of obtaining multiple
models through only one training process, the Snapshot ensemble method uses the
cosine annealing learning rate schedule: in the training process, as the epoch increases,

the learning rate drops rapidly, making the model quickly step into the local optimum,
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and take a snapshot of the model at this time to save the parameters. After saving
the model, the learning rate returns to a larger value, which makes the model escape
the current local optimal point and find a new optimal point. Repeating this process
continuously, we can get multiple models in the local optimum. The typical learning
rate schedule gradually reduces the learning rate during the training process, making
the model converge to a flat local optimal point. Using this method to train a single
model may obtain a higher accuracy value. However, the cosine annealing learning rate
schedule makes the models saved in different local optimums have a higher diversity,
and the models obtained after integration may have better generalization capability and

accuracy.

In this chapter, the optimizer of the prposed EA-TCN is adaptive moment estimation
(Adam) [115]. Adam can adjust the learning rate adaptively, so we don’t need to set the
learning rate schedule. Therefore, we adopt a simplified strategy similar to NoCycle
Snapshot: as shown in Figure 3.3, when the loss is reduced to a relatively low level during
the training progress, we take several snapshots of the same model. The models saved in
these snapshots all have relatively low loss, but maintain a certain diversity. Integrating
these models can improve the generalization performance of the model. Moreover, due to
the reduction of generalization error, the Snapshot ensemble method also plays a role of
regularization. Thanks to the aforementioned advantages, the proposed model achieves
a significant improvement in robustness against disturbances such as noise and missing
values in the data, with a computational cost during training that is almost negligible. In
addition, it also contributes to a certain improvement in forecasting accuracy for normal
samples. In the experimental part, we test the impact of the ensemble method on the

model performance and robustness.

51



CHAPTER 3. HOURLY RUNOFF FORECASTING BASED ON ENSEMBLE
ATTENTION TEMPORAL CONVOLUTIONAL NETWORK

3.3.4 Model Design and Implementation Details

The proposed EA-TCN conducts short-term runoff forecasting at lead times of 2, 4, 8,
12, and 24 hours, using input sequences set to four times the corresponding lead time
to effectively capture preceding time-series patterns. The rectified linear unit (ReLU)
activation function [116] is utilized in the attention module and the dimension reduction
part of the model output to implement non-linear transformations of the input data.
Relative to traditional activation functions such as Sigmoid, ReLU boasts superior
computational efficiency and the ability to alleviate the stagnation in training caused by
vanishing gradients. The function is defined as follows:

x, ifx>0
(8.4) ReLU(x) =

0, ifx=<0

In the context of the loss function, we have opted for the mean squared error (MSE).
This function is characterized by its straightforward gradient computation and a broad
foundation of applications. Moreover, its sensitivity to large errors is beneficial in en-

hancing the accuracy of the model. The formula for MSE is:

1=1\"i

r 2
ZN (yobs _yf ed)
(3.5) MSE =

N

obs
i

where N represents the sample size, while y?°° and yf red denote the observed (actual)
and predicted values, respectively. To comprehensively assess the performance of models,
three commonly used evaluation metrics in the field of hydrology are employed: mean
absolute error (MAE), mean absolute percentage error (MAPE), and the Nash-Sutcliffe
Coefficient of Efficiency (NSE). MAE exhibits strong robustness against outliers and is
characterized by high computational efficiency, making it suitable for regression problems.

A MAE value closer to 0 signifies a lower error in the model. MAPE is also a commonly

used metric in time series forecasting. It measures the relative percentage error of
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predictions with respect to the actual values and is particularly sensitive to outliers. In
this thesis, MAPE is presented in percentage format for consistency. NSE is a widely used
metric in hydrology for evaluating predictive accuracy [117]. Similar to the Coefficient
of Determination (R?), it is primarily designed to assess whether a hydrological model
performs better than a simple benchmark that uses the mean of observed values as
the prediction. NSE places greater penalization on larger flow discrepancies, making it
particularly effective for evaluating the impact of extreme hydrological events on model
accuracy. The NSE value ranges from (—oo, 1], where negative values indicate that the
model performs worse than the mean predictor, while values close to 1 suggest excellent

model performance. The formulas for the three evaluation metrics are as follows:

1 N
(3.6) MAE = ~ Zl ‘ (y?bs _yfred)‘
1=
1 [y -yl
(3.7 MAPE = ~ z:zi y?bs
g (bes _ypred)z
! 14 1A
(3.8) NSE=1- 2L
N (b b
Zl (y‘i’ S -y° S)
1=

y°bs and W respectively denote the mean values of the observed (actual) and predicted
data. The guidelines proposed by Ritter et al. establish benchmarks for NSE values:
value over 0.90 denotes a "very good" model performance. Value between 0.80 and 0.90 is
considered "good", while it from 0.65 to 0.90 is viewed as "acceptable". NSE Value below

0.65 indicates "unsatisfactory” model performance [118].

The model is trained for 100 iterations, with snapshots taken at epochs 90, 95, and

100 using the Snapshot ensemble approach. For the TCN dilation factor, we adopt the
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commonly used exponential scheme based on powers of 2, specifically [1,2,4], which
efficiently expands the receptive field with increasing depth. This setup enables the
model to capture long-term dependencies with fewer layers, balancing performance and
computational cost. Adam is selected as the optimizer, combining Momentum and RM-
SProp principles by computing exponential moving averages of gradients and variances
to adapt learning rates dynamically and accelerate convergence. The implementation is

based on Keras 2.1.3 and TensorFlow 1.13.1.

3.4 Experimental Results and Analysis

In the experimental section, a series of ablation studies are conducted to validate the
effectiveness of each module within the EA-TCN framework. In addition, comparative
experiments with mainstream neural network models are performed to demonstrate
that the proposed methodology consistently outperforms existing approaches in both

accuracy and efficiency.

3.4.1 Dataset

This chapter focuses on the Columbia River in the United States as its case study,
with its watershed map illustrated in Figure 3.4. The Columbia River, a principal
river in the western part of North America, originates from the Rocky Mountains in
British Columbia, Canada, traversing through both Canada and the United States before
ultimately flowing into the Pacific Ocean at Astoria, Oregon, USA. Characterized by
its abundant water flow, the Columbia River has an average annual discharge of 7,860
m3/s. During the spring snowmelt period, the discharge can surge to a maximum of
17,000 m?3/s, contributing an annual total of approximately 2.34 x 101! m? to the Pacific
Ocean. The Columbia River Basin encompasses a diverse range of topographical and

geomorphological features, stretching from plateaus to plains, and exhibits a variety of
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climatic and precipitation patterns, ranging from maritime to semi-arid climates. This
variation results in significant seasonality and trends in river runoff, making it a typical
non-stationary time series. Consequently, it serves as an ideal subject for training and
testing various time series forecasting models, including neural networks. Moreover,
the Columbia River Basin encompasses major cities such as Vancouver and Portland,
housing over 400 medium and large dams, including the notable Grand Coulee Dam.
These dams annually provide a substantial amount of hydroelectric power, constituting
a significant source of hydropower in the United States. Additionally, the Columbia
River and its tributaries support a rich aquatic ecosystem. Its famed salmon migration
annually attracts a vast array of wildlife and bird species. Therefore, research on the

Columbia River holds considerable economic, social, and ecological significance.

The hourly runoff dataset is sourced from the Columbia River DART (Data Access
in Real Time) platform [119] !, which provides hourly water quality data. This data is
collected by the U.S. Army Corps of Engineers, Northwestern Division, and is curated,
published, and maintained by the Columbia Basin Research (CBR) at the University
of Washington. CBR offers researchers globally access to high-quality historical and
real-time environmental data through this open-source portal. This initiative facilitates
active exploration into the management and operation of large rivers and their impacts
on regional hydropower, fisheries, and the ecological environment. The hourly water
quality data provided by DART encompasses measurements from multiple independent
water quality monitors located at various points within the watershed. For our study,
the data set was obtained from the monitor designated as Canada/US Boundary (CIBW),
whose specific geographic location is also indicated in Figure 3.4. This dataset records
hourly outflow discharge, temperature, barometric pressure, and dissolved gas data from

the monitoring station since 1997. Among these data, we selected discharge, temperature,

!Available at http://www.cbr.washington.edu/dart/inventory.
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Figure 3.4: Columbia river basin schematic. The geographic location of the CIBW water
quality monitor, from which the dataset for this study was collected, is marked by a red

flag on the map.

and one-hot encoded seasonal data as input features for our model. The dataset utilized
in this research encompasses data recorded at the CIBW monitoring station during the
four-year period from 2016 to 2019, totaling 35,040 samples. Of this dataset, the data
from the first three years, 2016 to 2018, which represents 75% of the total, is designated

as the training set. The data from the 2019 is used as the test set.
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Model Lead Time Params MAE MAPE NSE
TCN 134K 5.37 8.18 0.906
Attention-TCN 9 134K 3.87 5.24 0.943
EA-TCN (w/o res) 134K 3.34 4.78 0.955
EA-TCN (with res) 134K 3.36 4.69 0.952
TCN 134K 5.72 7.85 0.900
Attention-TCN 4 134K 4.63 6.45 0.921
EA-TCN (w/o res) 134K 4.71 6.63 0.914
EA-TCN (with res) 134K 4.54 6.45 0.921
TCN 134K 6.50 9.03 0.878
Attention-TCN 8 135K 5.98 8.13 0.884
EA-TCN (w/o res) 135K 5.96 7.99 0.886
EA-TCN (with res) 135K 5.55 7.59 0.900
TCN 134K 7.07 9.05 0.858
Attention-TCN 19 136K 6.50 8.58 0.872
EA-TCN (w/o res) 136K 6.19 8.18 0.883
EA-TCN (with res) 136K 6.05 8.21 0.886
TCN 134K 7.91 10.41 0.832
Attention-TCN 94 144K 6.63 9.28 0.874
EA-TCN (w/o res) 144K 6.82 9.27 0.869
EA-TCN (with res) 144K 6.46 8.81 0.878

Table 3.1: Performance comparison of models with different modules at various lead
times. The best results are highlighted in bold.

3.4.2 Ablation Experiment: Performance of the Model with

Different Modules

We first perform ablation studies on EA-TCN to evaluate the contribution of its individual
modules. Attention-TCN denotes the variant that incorporates the SENet-based attention
mechanism along the temporal dimension, while EA-TCN extends it by adding the
Snapshot ensemble. The model is tested across lead times from 2 to 24 hours to assess
whether the attention and ensemble components help mitigate performance decline as

lead time increases.
Table 3.1 presents the ablation results, showing that EA-TCN, which combines the
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Figure 3.5: Visualization of ablation results: line charts of MAE and NSE for TCN with
various modules across lead times from 2 to 24 hours.

Activation Function Lead Time MAE MAPE NSE

Sigmoid 4.96 7.09 0913
ReLU 4 4.54 645 0.921
Leaky ReLLU 4.48 6.33 0.920
Sigmoid 6.33 8.46  0.881
ReLU 12 6.05 8.21 0.886
Leaky ReLU 6.17 8.22 0.884
Sigmoid 7.42 9.85 0.846
ReLU 24 6.46 8.81 0.878
Leaky ReLU 6.58 8.88 0.875

Table 3.2: Performance comparison of different activation functions under various lead
times. The best results are highlighted in bold.

attention module and Snapshot ensemble, consistently outperforms both the vanilla TCN
and Attention-TCN across most lead times. Figure 3.5 further illustrates that models
incorporating attention maintain high accuracy as lead time increases. For instance, at 24
hours, EA-TCN reduces MAE by nearly 20% compared to vanilla TCN, highlighting the
attention modules strength in focusing on key time steps and improving long-sequence
handling. While the ensemble method also enhances robustness and accuracy, its impact
is slightly smaller than that of attention. Nonetheless, the Snapshot ensemble achieves

these gains without adding parameters or computational cost, making its combination
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Perturbation Perturbation Level MAE MAPE NSE

Attention-TCN ) . 7.03 10.19 0.860
Mild Perturbation
EA-TCN 6.68 9.36 0.875
Attention-TCN 7.65 10.52 0.843
Moderate Perturbati
EA-TCN oderate TEITUIDANON 689 953  0.866
Attention-TCN . 8.09 11.06 0.824
Extreme Perturbation
EA-TCN 7.47 10.49 0.846

Table 3.3: Robustness evaluation at lead time 24 under varying perturbation levels. The
best results are highlighted in bold.

with attention a practical way to improve overall model performance. The residual
connections in TCN support information flow across layers, aiding backpropagation
and addressing vanishing gradients. Our studies confirm that EA-TCN with residuals
performs slightly better than without, emphasizing their role in boosting model efficiency.
Parameter-wise, residual connections and the ensemble method contribute minimally to
model size, whereas the attention module’s effect varies with lead time. As described in
Section 3.3.2, each attention module adds parameters computed as [T x %+ %], where T is
the input time steps (four times the lead time) and r is the SENet reduction ratio. Hence,
the number of attention module parameters grows with lead time, but the increase is
negligible for short horizons. Even at the lead time of 24, the rise is only about 7%,
aligning with the module’s lightweight design and allowing notable performance gains

at minimal computational cost.

Activation functions are crucial to neural network performance. We therefore explore
their influence on EA-TCN by comparing three widely used options: Sigmoid, ReLU (the
default in this study), and Leaky ReLU. To ensure fair evaluation, experiments take
place at lead times of 4, 12, and 24 hours. As shown in Table 3.2, ReLU and Leaky ReLU
consistently outperform Sigmoid across all settings, largely due to their superior handling

of gradient vanishing and greater computational efficiency. Performance differences
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between ReLLU and Leaky ReLU are minor and vary by lead time and metric. While
Leaky ReLU introduces a negative slope to address the "Dying ReLU" problem, its
effectiveness depends on slope choice, which, if suboptimal, can reduce performance
relative to ReLU. Based on these results, ReLU is adopted as the activation function in

this work.

Robustness is also a key focus of this chapter. To evaluate the robustness of the
proposed model under various levels of perturbation, we introduce controlled noise into
the training data. To simulate potential measurement errors from real-world hydrological
sensors, we inject Gaussian noise with a mean of 0 and standard deviations of 0.01,
0.05, and 0.1, corresponding to mild, moderate, and severe perturbation scenarios,
respectively. In addition, 5% of the data is randomly masked to simulate potential data
missingness. Table 3.3 reports the performance of the proposed EA-TCN model with the
Snapshot ensemble strategy, compared to the baseline Attention-TCN, under the three
perturbation levels. The results clearly show that incorporating the ensemble method
significantly improves the robustness of the model across all perturbation scenarios, with
a maximum reduction in prediction error of up to 10%. This improvement is attributed
to the Snapshot ensemble’s capability to quickly generate multiple weak learners, which
can collectively correct the prediction errors made by individual learners when subjected

to noise or missing data, thereby enhancing the model’s overall robustness.

3.4.3 Comparison with Mainstream Time Series Forecasting

Models

Table 3.4 shows that both recurrent architecture-based models (such as LSTM/Bi-LSTM,
and GRU) and newer time series approaches like CNN and TCN consistently achieve
"good" performance under the criteria of [118], highlighting the strong potential of

data-driven methods in runoff forecasting.
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Model Lead Time MAE MAPE NSE

LSTM 5.81 9.24  0.902
GRU 5.77 9.00 0.903
Bi-LSTM 9 4.23 6.00 0.940
CNN 5.57 726  0.908
TCN 5.37 8.18  0.906
EA-TCN 3.36 4.69 0.952
LSTM 5.87 7.64  0.894
GRU 5.91 8.46  0.894
Bi-LSTM 4 5.08 6.88  0.907
CNN 6.06 8.30  0.885
TCN 5.73 7.85  0.900
EA-TCN 4.54 6.45 0.921
LSTM 6.28 8.59  0.882
GRU 6.20 8.41  0.885
Bi-LSTM 8 6.20 8.51 0.878
CNN 7.79 10.57 0.829
TCN 6.50 9.03 0.878
EA-TCN 5.55 7.59 0.900
LSTM 7.17 9.38 0.852
GRU 7.24 10.86 0.867
Bi-LSTM 19 6.55 9.01 0.872
CNN 8.18 10.93  0.809
TCN 7.07 9.05 0.858
EA-TCN 6.05 8.21 0.886
LSTM 8.04 1035 0.824
GRU 8.13 12.12  0.818
Bi-LSTM o4 7.48 9.91 0.846
CNN 9.00 11.59 0.778
TCN 7.91 10.41 0.832
EA-TCN 6.46 8.81 0.878

Table 3.4: Comparison with mainstream neural networks at different lead times. Best
performance for each group is highlighted in bold.

LSTM, GRU, and TCN demonstrate similar performance across lead times, but TCN’s
streamlined architecture and parallel computation provide greater efficiency, giving it an

advantage over recurrent models. For long time series, GRU shows errors up to 8.13 and
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Figure 3.6: Visualization of comparative results: line chart of MAE and NSE for neural
network models across lead times from 2 to 24 hours.

an NSE as low as 0.818, mainly due to difficulties in error backpropagation along time
steps, including vanishing gradients. In contrast, TCN propagates errors along depth
and uses dilated convolutions to expand its receptive field, enabling better handling
of long sequences. Our results also show that the vanilla CNN performs worse than
both TCN and recurrent models for extended inputs because its limited receptive field
restricts learning. TCN’s use of dilated convolutions effectively addresses this limitation.
At the 2-hour lead time, TCN and CNN achieve similar results, likely because TCN
lacks sufficient sequential information at short horizons while CNN’s absence of causal
convolution may lead to information leakage. These findings suggest that both models
perform comparably in short-term contexts. The temporal attention mechanism allows
EA-TCN to focus on key time steps, and the ensemble method enhances robustness
and generalization. As shown in Figure 3.6, EA-TCN consistently performs well across
lead times, reaching an NSE of 0.877 at 24 hours, demonstrating strong accuracy and

stability.

As a powerful LSTM variant, Bi-LSTM demonstrates strong performance across lead
times, often outperforming TCN thanks to its bidirectional processing, which allows

simultaneous capture of past and future dependencies. This enhances its ability to learn

62



3.5. CONCLUSION
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Figure 3.7: Training time of mainstream models for long time series forecasting.

complex sequential features. However, the improved accuracy comes with significant
computational cost, particularly for long sequences. As shown in Figure 3.7, Bi-LSTM
requires substantially longer training time at a lead time of 24 compared to other models,
with LSTM also showing high time consumption. GRU improves efficiency through
its simplified gating but sacrifices accuracy at certain lead times relative to LSTM.
TCN achieves the fastest training due to parameter sharing and parallelism, making it
highly efficient for long sequences. While EA-TCN introduces a modest 3.6% increase in
computational time over TCN by adding attention and ensemble modules, it achieves an

18.3% accuracy gain, highlighting its strong balance of accuracy and efficiency.

3.5 Conclusion

This chapter presents EA-TCN as a solution to the limitations of recurrent architecture-
based neural networks in runoff forecasting, including weak long-term modeling, lack
of parallelism, and poor generalization. By integrating TCN, which supports parallel
computation, with the lightweight SENet attention module, EA-TCN explicitly captures

temporal dependencies. The Snapshot ensemble further strengthens generalization and
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robustness without adding significant computational cost. Experiments on the Columbia
River dataset confirm the effectiveness of the design for multi-lead-time short-term runoff
forecasting. Comparative analyses with recurrent models highlight the superior accuracy,
efficiency, and robustness of EA-TCN. The attention and ensemble components notably
enhance TCN’s performance across lead times of 2, 4, 8, 12, and 24 hours, enabling
accurate predictions for sequences of varying lengths and overcoming the long-term
memory limitations of LSTM. The model’s parallel structure and reduced parameter
count contribute to both accuracy and computational efficiency, setting it apart from

recurrent architectures.

The proposed approach offers strong potential for practical deployment and further
development. Its ability to capture complex temporal patterns supports applications
such as extreme event forecasting, flood management, and water resource optimization.
Its capacity for handling long sequences makes it promising for simulating hydrological
cycles and watershed dynamics. Nonetheless, there are areas for improvement. Despite
TCN’s inherent efficiency, the added attention module and increased depth limit its
computational advantage over recurrent models. Additionally, performance degrades
as lead time extends from 2 to 12 hours, revealing challenges in temporal robustness.
Finally, the black-box nature of neural networks limits interpretability. Future work will
focus on improving efficiency, strengthening temporal robustness, and enhancing model

transparency to foster stakeholder trust and broaden real-world applicability.
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CHAPTER

RESIDUAL TEMPORAL CONVOLUTIONAL NETWORK WITH
DUAL-PATH SPATIOTEMPORAL ATTENTION MECHANISM

RQ2 highlights the structural limitations inherent in current neural network-based
runoff forecasting models, which lead to significant performance bottlenecks. In addi-
tion, RQ4 also points out that the lack of interpretability has a serious impact on the
practical application of the models. To address these problems and fulfill the objectives
of RO2 and RO4, this chapter introduces an innovative hybrid model, ResTCN-DAM,
which synergizes the strengths of ResNet, TCN, and dual-path spatiotemporal attention
mechanism (DAM). ResTCN-DAM is designed to fully exploit the unique properties of
these three components. TCN offers strong parallel processing capability for time series
data while maintaining a lightweight architecture. By integrating with an enhanced
ResNet, multiple TCN layers can be densely stacked to capture higher-level abstract
features in the temporal dimension. The proposed DAM module further generalises the
traditional focus on a single dimension to multiple dimensions, being able to capture in-
terdependencies between features within both the temporal and spatial dimensions, and

subtly highlight relevant time steps/features while weakening less important features
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with minimal computational cost. Moreover, ResTCN-DAM incorporates the Snapshot
ensemble method, which enables the model to approximate the benefits of training
multiple models within one single training cycle, thereby ensuring both accuracy and
robustness. The deep integration and synergy among these modules collectively enhance
the model’s forecasting performance from multiple perspectives. To further improve inter-
pretability, the model-specific local post-hoc explanation technique is employed. Ablation
studies prove the effectiveness of each module, and extensive comparative experiments
demonstrate that ResTCN-DAM achieves superior accuracy, temporal robustness, and
interpretability compared to existing neural network-based runoff forecasting models,

effectively overcoming current performance bottlenecks.

Section 4.1 outlines the challenges, motivations, and key innovations of this study.
Section 4.2 presents the proposed methodology in detail. Section 4.3 validates the ef-
fectiveness and advancement of the methodology through ablation and comparative
experiments. Finally, Section 4.4 concludes the chapter and highlights directions for

future research.

4.1 Introduction

Hourly runoff forecasting is now widely applied in real-time forecasting scenarios that
require rapid responses to sudden hydrological events [120]. In high-risk situations such
as flood prevention and emergency water management [121], the accuracy of model
forecasts directly influences decision-making by authorities [122]. Short-duration heavy
rainfall and rapid runoff variations often exhibit steep rises and falls, frequent extremes,
and sudden transitions that can quickly trigger flooding or urban waterlogging. In such
cases, low forecasting accuracy can delay emergency response and result in significant
threats to public safety and property. In high-frequency short-term operation scenarios

such as reservoir regulation and hydropower scheduling [123, 124], forecasting accuracy
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is closely tied to cost control and risk management. Higher accuracy enables more effi-
cient scheduling, thereby reducing operational costs. As a result, forecasting at the hourly
scale imposes much stricter accuracy requirements compared to monthly or yearly runoff
forecasting [125]. Although the EA-TCN proposed in Chapter 3 achieves a great balance
among accuracy, efficiency, and robustness, the research also reveals clear performance
bottlenecks in existing mainstream models. When the forecasting horizon exceeds 8
hours, almost all models experience a noticeable decline in performance metrics; for
some models, MAPE exceeds 10%, and NSE commonly falls below 0.9. With the ongoing
advancement of monitoring technologies and rapid iteration of machine learning models,
stakeholders in the hydrological domain are demanding increasingly higher accuracy
in hourly forecasting [126]. Moreover, several engineering guidelines have started to
incorporate quantitative accuracy benchmarks for runoff forecasting, prompting the need

for further architectural improvements to meet these rising expectations.

In the field of machine learning, numerous powerful architectures are continually
being proposed to enhance model performance. With the continuous expansion of the
scale of the neural network model, the feature quantity of the model also gradually
increases. In order to apply limited computing resources to more important features,
inspired by the way humans observe external things, attention mechanism is proposed
to improve the performance of neural network models [127, 128]. Attention mechanism
can adaptively learn the weight of each feature in a specific dimension through soft
information extraction, and the weight indicates how much the model pays attention
to the input information. Han et al. present a runoff forecasting model AT-LSTM [129]
that integrates attention mechanism with LSTM. The proposed model embeds attention
mechanisms at both the input and hidden layers, enabling it to dynamically identify
and assign weights to key factors in real-time. AT-LSTM is applied to long-term runoff

forecasting at the Yichang and Pingshan stations in the upper Yangtze River in China.
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Experimental results demonstrate that the performance of AT-LSTM significantly sur-
passes that of traditional LSTM, thereby thoroughly validating the effectiveness of the
attention mechanism. Attention mechanism is now moving towards lightness, more and
more plug-and-play attention mechanism modules are proposed, which can be embedded
in any position in the network to significantly improve the expressive capability with

minimal computational cost.

Nevertheless, we observe that in current research, the attention mechanism is typi-
cally designed to operate on a single dimension, rendering the existing unidirectional
attention mechanisms insufficient for efficiently handling time series inputs that incorpo-
rate multiple dimensional information. Furthermore, due to the problem of degradation,
existing LSTM or TCN-based models are unable to construct deep architectures to
further capture high-order abstract features and long-term dependencies within long
sequences. The presence of these issues poses a significant challenge for existing models,
primarily their lack of temporal robustness. Neural network-based short-term runoff
forecasting models often demonstrate commendable forecasting accuracy over singu-
lar and relatively short forecast horizons. However, as the forecast horizon extends
from a few hours to 24 hours in the future, there is a significant degradation in model
performance, rendering it challenging to maintain robust and precise forecasts across
varying lead times. For instance, the hourly runoff forecasting model based on TCN
proposed by Lin et al. exhibits a serious performance degradation when the forecast
horizon extends from t+1 to t+24 [68]. Lastly, it is worth noting that current research
on runoff forecasting models is mainly performance-oriented, often overlooking model
interpretability [130, 131]. This has resulted in a lack of trust from stakeholders in
high-risk areas towards these high-accuracy but low-transparency models. In light of the
aforementioned problems, we propose an ensembled multi-lead-time runoff forecasting

framework: ResTCN-DAM, which is characterized by a deep densely connected residual
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structure, and simultaneously employs attention mechanism in both the temporal and

spatial dimensions. The key contributions of this chapter are outlined as follows:

¢ We innovatively integrate TCN with a deep densely connected residual structure
to replace the neural network based on the recurrent architecture as the overall
framework. TCN has the advantages of parallel processing and strong feature
extraction capabilities, while ResNet Plus further improves model depth through
optimized information flow, enabling the learning of high-level abstract features.
This integration significantly enhances the forecasting accuracy of the proposed

framework.

¢ Each residual block is embedded with a plug-and-play spatiotemporal attention
module DAM, which generalizes lightweight attention mechanisms from a single
dimension to the most critical temporal and spatial dimensions in time series
forecasting models. This enables the model to adaptively and explicitly model
the importance of features across different dimensions, thereby improving long-

sequence forecasting accuracy with minimal computational overhead.

* To enhance the interpretability of the forecasting process, the proposed model
introduces, for the first time in hourly runoff forecasting, a model-specific local
post-hoc explanation technique from interpretable machine learning (IML). This
technique enables intuitive visualization and analysis of DAM’s attention weights
via heatmaps, ensuring that the model’s predictions remain human-understandable

and trustworthy.

4.2 Methodology

The hourly runoff forecasting framework ResTCN-DAM proposed in this chapter consists
of three sub-modules: modified ResNet — ResNet Plus, TCN, and DAM. The overall
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Figure 4.1: The overall architecture of ResTCN-DAM. Each ResTCN block comprises a
TCN followed by a DAM module, which explicitly models both the temporal dimension
and the feature dimension. Residual blocks are sequentially stacked in a head-to-tail
configuration, forming two pathways connected by dense shortcut connections.

framework of ResTCN-DAM can be seen in Figure 4.1. First, a standard convolutional
layer will perform preliminary feature extraction on the input, and then pass the output

to the subsequent ResTCN-DAM network for further processing.
In terms of network architecture, ResTCN-DAM is comprised of four layers of residual
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blocks distributed across two distinct paths, with dense shortcut connections established
both within and between the residual blocks, which is inspired by the modified version
of ResNet, termed ResNet Plus. This configuration significantly elevates the network’s
depth and backpropagation efficiency relative to the conventional ResNet. Inside each
residual block, TCN layers are used to forecast the time series inputs. Two lightweight
attention mechanism modules DAM are also inserted after TCN layers. By learning the
weight of TCN in temporal dimension and feature dimension respectively, the network

can focus on important time steps, amplify useful features, and suppress useless features.

Moreover, NoCycle snapshot ensemble method is incorporated into the ResTCN-
DAM framework, allowing us to obtain multiple models for integration via a singular
training process to improve model’s robustness and generalization capability. In summary,
the proposed ResTCN-DAM framework can jointly enhance the performance of runoff
forecasting model from multiple aspects such as depth, time step, features and robustness
to achieve accurate runoff forecasts. In this section, each module of ResTCN-DAM will

be presented in detail.

4.2.1 From ResNet to ResNet Plus

ResNet is a structure proposed to solve the degradation problems in deep neural net-
works. The proposal of the residual network originated from a concept: when a neural
network has the best performance when the number of layers is L, then the network
can continue to be deepened on the basis of the L layer. In theory, if the additional
layers are the identity mapping of the Lth layer’s output, then the performance of the
deeper network can be consistent with or even better than that of the original network.
In general, the performance of deep neural network should not be outperformed by its
shallow counterpart. However, experiments show that the training error and test error

of the 56-layer ’plain’ network is significantly higher than that of the 20-layer network
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Figure 4.2: The ordinary block and ResNet block. The characteristic that distinguishes
ResNet blocks from ordinary blocks is this shortcut connection marked in green, which
can transmit the information of the shallow network to the deep layer of the network
intact.

on the CIFAR-10 dataset [132]. This phenomenon is the degradation problem in deep
neural networks, it is caused by many factors. In addition to the widely known vanish-
ing/exploding gradient, Sandler et al. believe that the existence of nonlinear activation
function makes the forward propagation process from input to output irreversible [133],
which leads to a decrease in the amount of information acquired by the deep layers in

the network.

The existence of the degradation problem proves that deep neural networks cannot
be well trained, but the proposal of ResNet makes it possible to address the degradation
problem and train deep neural networks. The structure of ResNet is shown in Figure 4.2.
Compared with the traditional neural network, ResNet introduces a novel shortcut that
directly links the input to the output of nonlinear layers, facilitating an unimpeded flow

of information. The core formula of ResNet is:

(4.1) HO(x)=F(x,W)+x
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where x and W are input and weight respectively. Different from directly fitting a
potential identity mapping function /#(x) = x, ResNet transforms the learning process
into fitting a residual function = % (x, W) = #(x)—x. As long as % (x,W) is 0, it constitutes

the identity mapping #(x) = x. The Lth layer of ResNet can be expressed as

(4.2) X[, =X] +219(xi,Wi)
im

The deep layer x7, can be divided into two parts, one is the shallow layer x;, and the
other is the mapping of the residual functioan:'ll F(x;,W;), which indicates that the
model is in the form of residuals at any layer. Because it is easier to fit residuals, ResNet
with shortcut connections have better ability to fit functions than traditional neural
networks. Moreover, the existence of shortcut connections allows data in shallow layers
to be transmitted to the deeper layers of the network intact, which makes a L + 1-layer

network must contain more information than a L-layer network. The back propagation

of ResNet can be formulated as:

(4.3) = . = 14+ —
0x; Oxy, 0x; oxy, ox; ;=

al ol ) ol 0 L-1
0SS _ 0SS XTI, _ 0SS ) ( g(xi,Wi))

where loss represents the cost function. When performing backpropagation, the gra-

dient is composed of two parts, one part is the gradient aé;zs through the shortcut 1,
and the other part is the gradient ‘%;C’—Lss . (a% Z{.‘:_ll F (xi,Wi)) through the weight layer.
The existence of the shortcut connection allows the gradient of the deep layers to be
backpropagated to the shallow layers of the network intact, and the weight terms
(% Z{‘:_ll F(x;, Wi)) will not all be —1, thus avoiding the vanishing gradient. Relying on
the superiority of the fitting function and training process, ResNet is able to train a
neural network with even one thousands layers, so it has become a milestone in the field

of deep learning.
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ResNet has made researchers aware of the importance of shortcut in neural networks.
In order to create short paths from shallow layers to deep layers, many ResNet variants
based on modified shortcuts have been proposed, such as DenseNet, which establishes
dense shortcuts that connecs all layers in the network. Inspired by the densely connected
shortcuts of DenseNet, this chapter utilizes a novel modified ResNet: ResNet Plus [134],
its structure can be seen in Figure 4.1. The characteristic of ResNet Plus is to have two
residual block paths, the left one is the main path, and the right one is the side path. The
input of the residual block in the first layer on both main path and side path is the input
of the entire network. Except for the first layer, the input of each residual block on the side
path is the output of the first residual block on the main path. The output of the residual
block on two different paths in the same layer will be averaged and densely connected
with the subsequent residual blocks on the main path, so the input of each residual block
on the main path comes from the output of all previous residual blocks. With additional
residual block path and denser shortcuts, feature reuse is further enhanced. Crucially,
ResNet Plus replaces the single path of traditional ResNet with a dual-path approach.
This ensures that the output of any layer results from a fusion of abstract features from
different levels across both paths, significantly improving both forward and backward
information flow and facilitating easier training. The incorporation of side residual blocks
shortens the path from input to output with the same number of residual blocks, reducing
errors and improving backpropagation efficiency due to the shorter paths. Furthermore,
the main and side paths are not isolated, residual blocks at each layer within the two
paths are merged through the averaging operation. This architecture increases the width
(number of channels) of each layer in a relatively straightforward manner, and this

width-for-depth strategy enhances model performance cost-effectively.

ResNet Plus can help us train deeper networks to learn more hidden features. Time

series forecasting method such as LSTM, GRU or TCN usually contains a large number
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of parameters. Therefore, although the hidden relationship between time series inputs
can be captured well, the network depth cannot be effectively improved, which limits
their performance. In order to further utilize the depth advantages of ResNet Plus
for runoff forecasting, we have deeply integrated the advanced time series forecasting
method TCN with ResNet Plus. Each ResTCN block contains one core TCN module for
time series forecasting, followed by an inserted lightweight DAM module proposed by us.
The DAM is designed to model the interdependencies between time steps and features
with minimal computational cost. Notably, between TCN and DAM, batch normalization
(BN) [135] and dropout [136] are incorporated to reduce internal covariate shift and
enhance regularization capability. This lightweight-oriented design significantly reduces
the parameter count within each block, thereby diminishing the risk of overfitting and
allowing for dense stacking of ResTCN blocks through ResNet Plus. Beyond the shortcut
connections between blocks, each ResTCN block internally establishes a shortcut connec-
tion linking its input and output. Additionally, within each TCN module, convolutional
shortcut connection is implemented, connecting the input and output layers. This strat-
egy forms a three-tiered network of dense shortcut connections, radiating outward from
the core, enhancing the efficiency of backpropagation when compared to the traditional
ResNet. The integrated architecture of ResNet Plus deeply fused with TCN substantially
elevates the model’s time series forecasting performance as the network deepens. In the
experimental section, the efficacy of this architecture is thoroughly validated through

ablation studies.

4.2.2 Dual-Path Spatiotemporal Attention Mechanism

Attention is a mechanism that is widely used in CV and NLP to improve the performance
of machine learning models, it exhibits similarities to the human observational mecha-

nism of external phenomena. When humans observe external things, they tend not to
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Figure 4.3: The structure of dual attention mechanism. This module adaptively and
explicitly models the interdependencies among input elements across both the time step
and feature dimensions in an efficient manner. It recalibrates the original output of the
TCN in the form of weights. Thanks to its lightweight structural design and parallel
processing approach, the module significantly enhances the model’s performance with a
minimal computational cost.

evenly distribute their attention to the whole, but to pay attention to an important part
of things. Attention mechanism has the capability to assign varying weights to distinct
segments of inputs. By learning these weights, model can allocate more attention to
valuable information while disregarding less relevant information, thereby significantly

improving the performance of the model at the cost of a small amount of calculation.

Attention mechanism is also applied in ResTCN. Unlike the traditional attention
mechanism that only calculates one specific dimension of the model input, we innova-
tively propose the DAM module to establish the attention mechanism for the two most
important dimensions of time series forecasting models: time steps and features. It can
be seen from Figure 4.3 that ResTCN-DAM integrates the lightweight attention mech-
anism module SENet into each residual block to explicitly model the interdependence
between time steps/features, so that network can adaptively amplify useful information
and suppress useless information in these two dimension. In addition, another global
attention module [137] is added to the output sequence of the network. By comparing

the target hidden state at the last time step with the hidden state of each time step, the
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attention output of the network is obtained through weighted average and concatenation

operations.

SENet was originally designed to adaptively recalibrate channel-wise feature re-
sponses in convolutional neural networks. With its lightweight structure and easy
deployment, SENet is widely used in various fields. Figure 4.3 demonstrates the struc-
ture of DAM composed of improved SENet, we can see that the attention pathway in
each dimension consists of two operations: squeeze and excitation. First, a GAP layer is
used for the squeeze operation. Similar to LSTM, TCN will output a two-dimensional
vector in the shape of [T x F'] when transferring information between layers, where T is
the time step, and F represents the number of filters (similar to the units of LSTM). GAP
will compress the global features output by TCN into a vector of size [1 x T'] or [1 x F]
according to the temporal/feature dimension, that is, compress each one-dimensional
temporal dimension/feature dimension into a real number with a global receptive field
that reflects the overall response distribution across time steps or features. Squeeze of

the temporal dimension can be formulated as:

(4.4) £ =

e N

fo.
2%
i=1

where f is the number of features. Similarly, squeeze of the feature dimension can be

expressed as:
(4.5) (1=

where ¢ is the number of time steps. After squeeze, the excitation operation will explic-
itly model the interdependencies between time steps/feature dimensions. A bottleneck
structure containing two fully-connected layers (FC) is used to perform the excitation

operation. Excitation can be expressed as:
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(4.6) %1 =0 (Wa6(W1x1))

where 6 indicates the ReLLU function and o denotes the Sigmoid function. W; and Wy
represent the weight matrices corresponding to the two fully-connected layers on each
attention pathway. The first fully-connected layer can reduce dimension by setting scal-
ing parameters, thereby greatly reducing the amount of parameters of DAM, and is then
activated by the activation function. The second fully connected layer restores the dimen-
sions and converts the results into weights by Sigmoid function, which represents the
importance of each time step/feature. Finally, the results are multiplied by the original
output of TCN to re-calibrate the original time steps/features. With the improved DAM
module based on SENet, ResTCN can selectively amplify valuable time steps/features
and suppress useless time-steps/features at the cost of a small increase in computation,
thus improving the performance of the model. It is worth noting that DAM is designed to
be embedded at the output of the model rather than at the input because it relies heavily
on the global information in the high-level abstract feature maps generated after the
feature extraction phase for precise recalibration, and thus cannot perform on raw unpro-
cessed features. Building on this, the proposed DAM possesses a plug-and-play attribute,
allowing it to be seamlessly integrated into almost any mainstream neural network
model, including CNN, LSTM and TCN. This enables adaptive recalibration of features
across multiple dimensions, demonstrating remarkable flexibility and generalization

potential.

4.2.3 Global Attention Module

It is worth mentioning that when time series information is transmitted between differ-
ent TCN layers, the sequence passed to the next layer contains the outputs of all time

steps, and the attention module SENet will recalibrate the output of each time step based
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Figure 4.4: The structure of global attention module. This module is inserted into the
output part of the model to enhance the final forecast’s sensitivity and correlation to the
global hidden states.

on the learned weights. However, when the last TCN layer outputs the final forecast, it
only retains the output of the last time step and ignores the output of any other time step.
Based on the different information flow transmission methods, the attention mechanism
of the temporal dimension needs to be adjusted. Another attention mechanism module
called global attention is applied to the final output sequence of ResTCN-DAM to capture
and calculate the interdependence between the hidden state of the last time step and
the hidden states of previous time steps. The integration of global attention endows the
hidden state at the final time step with a comprehensive perception of global information
across the entire hidden state sequence. This characteristic facilitates an enhancement
of the final forecast’s accuracy from a holistic perspective. Figure 4.4 demonstrates the
structure of global attention module, it combines the hidden state of the last time step

h; and the context vector c; through a simple concatenation layer to obtain the attention
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vector A;. The formula of the context vector c; is:
(47) Ct = Zatsﬁs
S

The alignment vector a; is calculated as the weight, and the context vector c; is the
weighted average over the hidden states of all time steps. The attention vector A; can be

formulated as:
(4.8) hi = f (cs,hy) = tanh (W, [cs;he])

This module is a global attention model, so the model considers all hidden states of the
output sequence when deriving the context vector c;. It compares the target hidden
state h; with the hidden state of each previous time step hs to obtain a variable-length

alignment vector a which can be expressed as:
exp (score (ht,ﬁs))

Zf’:l exp (score (ht,ﬁsr))

(4.9) ass = align (ht,ﬁs) =

where score is determined by a content-based function formulated as:
(4.10) score (ht,ﬁs) = htTWES

The global attention module effectively improves the ability of the final output of the
model to perceive the global information, and its synergy with the DAM module can
further enhance the expressive power and temporal robustness of the proposed ResTCN-

DAM, so as to realize the accurate forecast of runoff across various lead times.

4.2.4 Model Design and Implementation Details

In this chapter, a novel runoff forecasting framework ResTCN-DAM based on ResNet,
TCN and DAM for hourly river runoff forecasting is innovatively presented. The proposed
framework is capable of accurately forecasting hourly river runoff within different

lead times of 2, 4, 8, 12, and 24 hours. To ensure the model can fully capture the
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intricate temporal dependencies contained within historical data, the input time steps
are configured to be three times the length of the forecast horizons. In the proposed
ResTCN-DAM architecture, each TCN module encompasses a 4-layer TCN network with
dilation factor of d = 1,2,4. However, when the lead time is greater than or equal to 8, the
dilation factor is adjusted to d = 1,2,4,8, and the number of TCN layers in each module
is increased to 5. This augmentation facilitates the modeling of longer input sequences,

enhancing the network’s capacity to capture extended long-term dependencies.

The loss function of the model is MSE and the evaluation metrics are MAE, MAPE
and NSE which are widely used in hydrological models.The number of model training
iterations is 100. When training reaches 90 epochs, the model’s error decreases to a
lower level and tends towards convergence. Therefore, we take snapshots of the model at
90, 95, and 100 epochs and save the model parameters for ensemble integration. The
Adam optimizer is utilized, combining features of both momentum and root mean square
propagation optimizers, thereby allowing for adaptive adjustments of the learning rate.
The study area and dataset used in this chapter are consistent with Chapter 3, both
based on hourly hydrological data from the Columbia River in the United States. Our
experiments are conducted in an environment using Keras 2.1.3, based on Tensorflow

1.13.1, with Python version 3.7.0.

4.3 Experiment Results and Discussion

4.3.1 Validity and Compatibility of Each Module of ResTCN-DAM

First, we design a series of ablation experiments to individually validate the effectiveness
of each key module in the proposed ResTCN-DAM. Specifically, these experiments test the
overall performance of vanilla TCN, TCN with DAM module (TCN-DAM), and ResTCN-

DAM at various model depths, as reflected by evaluation metrics: MAE, MAPE and
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Model Depth MAE MAPE NSE
TCN 6.17 8.91 0.886
TCN-DAM 5 5.84 8.32  0.897
ResTCN-DAM 5.52 774  0.905
TCN 6.23 8.63  0.889
TCN-DAM 10 5.97 8.21 0.894
ResTCN-DAM 5.35 7.58  0.907
TCN 6.44 8.80  0.879
TCN-DAM 15 6.30 8.62  0.883
ResTCN-DAM 5.18 7.26 0916
TCN 6.61 9.25  0.875
TCN-DAM 20 6.39 8.30  0.877
ResTCN-DAM 5.03 7.18 0917

Table 4.1: Performance of models with different modules at various depths. Best results
in each group are highlighted in bold.

— TCN — TCN
TCN-DAM TCN-DAM
ResTCN-DAM

ResTCN-DAM

Depth ’ Depth
(a) MAE (b) NSE

Figure 4.5: MAE and NSE of models with different modules at various depths in ablation
experiments.

NSE. It’s important to note that the depth mentioned here refers solely to the number
of TCN layers in the preliminary design of the model, providing a clear indication of
how the stacking of TCN layers affects model performance. The actual depth of these
models, including various hidden layers, ranges between 100 to 300 layers. To maintain
consistency in hyperparameters, all models in the experiment are set with the lead time of
8. Table 4.1 and Figure 4.5 show the results of the ablation experiments. We observe that

as the number of layers increases, TCN and TCN-DAM without the ResNet architecture
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Figure 4.6: Training loss curves of models with different modules at depth of 20 in
ablation experiments.

do not exhibit significant changes in accuracy between 5 to 10 layers, and even show some
improvements in certain metrics. This indicates that at shallower depths, traditional
model structures are capable of learning valuable information from an increase in
depth, with minimal negative impact on the overall model. However, as the model depth
increases from 10 to 20 layers, TCN and TCN-DAM experience a marked decline in
performance, with errors rising by up to 9.4%. This is due to the problems of degradation
and vanishing/exploding gradient associated with increased depth, which significantly
limit the performance of the models, leading to a scenario where deeper networks
perform worse than shallower ones. In contrast, our ResTCN-DAM, featuring a tri-layer
dense shortcut connection design from the inside out, shows continual improvement in
performance with increased depth, achieving up to an 8.9% increase in accuracy. This
demonstrates the ability of the ResNet architecture to effectively address the problems
of degradation in deeper models, enabling them to learn more higher-order abstract

features through deeper networks.
In comparing TCN with TCN-DAM, it is evident that across all depths, the DAM
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Figure 4.7: MAE and NSE different models at various lead times in comparative experi-
ments.

module significantly enhances the model’s accuracy, reducing errors by over 5%. Ad-
ditionally, TCN-DAM demonstrates notable improvements in NSE metric compared
to vanilla TCN. These experimental results indicate that our proposed DAM module
effectively models the interdependencies between information across the dimensions of
time and space. It encourages the model to focus more on useful time steps and features
from a global information perspective, thereby substantially enhancing its forecasting
capabilities. Figure 4.6 also clearly indicates that the joint implementation of ResNet
architecture and DAM significantly improves the overall performance of ResTCN-DAM.
This improvement is reflected in its reduced loss and increased training efficiency, firmly

substantiating the efficacy and advanced nature of the proposed modules.

4.3.2 Comparison with Mainstream Machine Learning Models

In the subsequent experiments, we present a comparative experimental analysis of our
proposed ResTCN-DAM with mainstream recurrent architecture-based runoff forecast-
ing models such as LSTM, Bi-LSTM [138], and GRU across various lead times. The
results showed in Table 4.2, are further visualized in Figure 4.7. It is evident from the
experimental results that ResTCN-DAM consistently achieves significantly superior

accuracy over other models across all forecast horizons. At shorter lead times, nearly all
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Model Lead Time MAE MAPE NSE
LSTM 4.62 6.21 0.924
Bi-LSTM 4.21 5.47 0.934
GRU 2 4.59 6.19 0.923
TCN 4.53 6.40 0.932
ResTCN-DAM 3.48 5.02 0.951
LSTM 5.25 7.36 0.907
Bi-LSTM 5.55 7.40 0.896
GRU 4 5.73 7.97 0.897
TCN 5.24 7.27 0.912
ResTCN-DAM 4.67 6.71 0.922
LSTM 5.72 7.85 0.898
Bi-LSTM 5.79 7.88 0.898
GRU 8 5.98 8.64 0.895
TCN 6.23 8.63 0.889
ResTCN-DAM 5.03 7.18 0.917
LSTM 6.80 9.08 0.867
Bi-LSTM 6.29 8.34 0.886
GRU 12 7.14 9.71 0.857
TCN 7.43 9.56 0.845
ResTCN-DAM 5.59 7.67 0.905
LSTM 7.96 11.51 0.826
Bi-LSTM 7.85 9.86 0.817
GRU 24 7.81 10.84 0.831
TCN 8.92 11.10 0.774
ResTCN-DAM 6.18 8.35 0.888

Table 4.2: Performance of the mainstream models across various lead times. Best results
in each group are highlighted in bold.

neural network models generate relatively accurate forecasts with NSE values exceeding
0.9, indicating a close fit to the original observational data. However, as the lead time
increases to 24 hours, a performance degradation is observed in all models. This decline
is attributed to the requirement of inputting data spanning a timeframe thrice the length
of the lead time to enhance future forecasts, a factor that intensively tests the temporal

forecasting capabilities of the models, particularly their ability to capture long-term
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Figure 4.8: Training loss curves of different mainstream models at lead time of 24 in
comparative experiments.

dependencies. Featuring a triple-layered dense shortcut connection architecture that
radiates from inside out, the proposed ResTCN-DAM effectively captures and learns
high-order abstract features in extensive time series by employing hierarchical learning
within a deep neural network. Combined with the lightweight DAM module and snapshot
ensemble method, it ensures enhanced accuracy while maintaining temporal robustness
across varying lead times. Consequently, ResTCN-DAM demonstrates a noticeable im-
provement of up to 30% in all metrics across different forecast horizons compared to

other models.

Additionally, the results indicate that LSTM and its variants, as well as TCN, have
their respective strengths across various indices at shorter multiple lead times. This
is because these mainstream time-series forecasting models can effectively learn the
potential data patterns from the limited temporal features inputted and make relatively
accurate forecasts. However, at longer lead times, the performance of Bi-LSTM surpasses
other models, second only to ResTCN-DAM. This superiority is attributed to its bi-

directional structure comprising two LSTM layers, processing temporal information
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Figure 4.9: Comparison of observed runoff curve for the Columbia River with forecast
curves in different seasons.

in both forward and backward directions, thereby considering both past and future
information for enhanced time series forecasting capability. In comparison, simpler
structured LSTM, GRU, and TCN show relatively weaker performance in handling long
time sequences. Nevertheless, the bi-directional architecture of Bi-LSTM introduces
additional parameters, increasing computational costs and hindering the stacking of
multiple layers for performance enhancement. Figure 4.8 shows the loss curves of these
models during iterative training, distinctly highlighting ResTCN-DAM’s lowest error
rates and fastest training speed, vividly demonstrating our proposed model’s state-of-

the-art comprehensive performance.
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4.3.3 The Performance of the Porposed ResTCN-DAM in

Different Seasons

The discharge of the Columbia River is influenced by external factors such as climate
change, precipitation, geological variations, and human socio-economic activities, which
exhibit strong seasonality and trends. Among these factors, atmospheric precipitation
has the most significant impact on discharge. Annually, during the winter season, atmo-
spheric precipitation in the Columbia River basin falls in the form of snow in mountainous
areas. In spring, the melted snowwater becomes the most crucial source of water supply,
contributing significantly to the river’s runoff. Consequently, the annual distribution of
the Columbia River’s discharge displays evident nonstationarity, with the runoff non-
uniformity coefficient of 0.35. The period from April to July represents the flood season,
during which these four months account for 68% of the total annual water volume, while
water levels remain relatively stable during the autumn and winter seasons. To compare
the ability of various neural network-based runoff forecasting models and the proposed
ResTCN-DAM to forecast the actual runoff curve during different seasons, we conducted
a visualization of the observed river runoff curve and model forecast curves. As shown
in Figure 4.9, it is clear that ResTCN-DAM consistently outperforms other mainstream
models in forecasting the complex variations of the observed runoff curve during both
the high-flow and non-stationary spring season, as well as in the stable water seasons.
This demonstrates that the proposed model has captured the seasonal characteristics of
the Columbia River in each season, enabling it to make accurate and reliable forecasts

throughout the year.

4.3.4 Interpretability of Attention Module

Interpretability is an emerging research focus in the current field of machine learning,

often used to assess the extent to which forecasts made by machine learning models can
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be understood and trusted by humans. The highly non-linear structure within neural
networks brings about superior performance compared to traditional linear models.
However, the intricate relationships between network parameters and the complexity
of the optimization process make it challenging to mathematically derive the learning
process from input to output, hence rendering neural networks as typical black-box
models. In the field of runoff forecasting, many stakeholders in high-stakes applications
involving economics and policy are reluctant to rely on forecasts from non-interpretable
black-box models as trustworthy decision-making tools. This significantly impedes the

widespread adoption and practical applications of cutting edge runoff forecasting models.

To enhance the interpretability of ResTCN-DAM, we employ an approach from
IML involving model-internal weight visualization to provide model-specific insights
into the forecasting process. Previous ablation and comparative experiment results
demonstrate that our proposed ResTCN-DAM exhibits significantly higher accuracy
and temporal robustness compared to other mainstream runoff forecasting models. The
time step attention inside the DAM module plays a crucial role in achieving this, as
it can adaptively model interdependencies among time series inputs and recalibrate
information along the temporal dimension through weight factors. This enables the model
to selectively amplify information from important time steps within the input sequence
while suppressing relatively less useful information. For the aforementioned reasons,
we choose to visualize the weights learned by the time step attention within the DAM
module in the form of heatmaps. Our research focuses on interpreting features along
the temporal dimension, primarily because explaining and visualizing the importance of
temporal information is more intuitive and easier for humans to comprehend compared
with the spatial dimension. Figure 4.10 illustrates the weight heatmaps of time step
attention at lead times of 4 and 24, effectively confirming the interpretability of the DAM

module across short and long forecast horizons. The DAM module employs the sigmoid
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Figure 4.10: Visualization heatmap of time step attention weights in the proposed DAM
module across various forecasting horizons. Deeper colors indicate that the DAM module
places greater emphasis on the information from the input sequence at the corresponding
time step.

function to transform the importance of learned time steps into weight values within
the range [0, 1], with higher weight values indicating greater time step importance,
resulting in deeper colors in the heatmaps. From both heatmaps, we observe that time

step attention tends to assign higher weights to data points closer to the forecast time
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point for both short and long forecast horizons (in our experiments, the input sequence
length is three times the forecast horizon). This observation aligns well with empirical
knowledge in existing research on time series forecasting. In runoff forecasting, the value
at the current time point often exhibits stronger temporal correlations with data from the
nearest few time points due to short-term influences, such as temperature, precipitation,
and sudden natural disasters, which have a significant impact on runoff sequences over
short periods. These short-term variations are reflected in changes in data points at
adjacent time steps. Furthermore, due to lag effects and long-term trends, data points
that are distant from the current time step may still contain valuable information that
influences forecasts. Thus, the time step attention within the DAM assigns higher weight
values to these corresponding time steps, suggesting that the DAM effectively captures
long-term dependencies that exist in the input sequence. Through adaptive recalibration,
it amplifies features at these critical time steps that significantly impact the current
forecasts. The phenomena observed in the heatmaps strongly demonstrate that our
proposed DAM module is able to effectively capture complex hidden relationships in the
temporal dimension. The weights reflect time series characteristics that align closely with

actual law and human domain expertise, demonstrating a high degree of interpretability.

4.4 Conclusion

This chapter proposes a novel multi-lead-time interpretable runoff forecasting frame-
work ResTCN-DAM, based on TCN, ResNet, and attention mechanism module DAM.
The overall architecture of this framework consists of densely connected residual blocks
that form a three-tiered shorcut connection network radiating outward from the core.
This promotes lossless information transfer from shallow to deep layers, effectively
addressing the degradation problem in deep neural networks. The backbone model

TCN inside each residual block inherits a streamlined CNN structure while possessing
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causal and dilated convolutions suitable for time series forecasting, enabling linear
stacking through ResNet to capture high-level abstract features in time series inputs.
Each TCN is followed by a newly designed, plug-and-play lightweight attention module,
DAM, which explicitly models interdependencies in both the temporal and feature di-
mensions at a lower computational cost. This encourages the model to focus more on
critical information across different dimensions. The efficient collaboration among these
modules comprehensively enhances the time series forecasting performance of the pro-
posed ResTCN-DAM from multiple perspectives. Ablation and comparative experiments
conducted on the Columbia River dataset validate the effectiveness of each module and
superiority of overall framework. Compared to mainstream neural network-based runoff
forecasting models, ResTCN-DAM demonstrates significant performance advantages
and temporal robustness across various lead times. Furthermore, we employ internal
weight visualization using IML methods to visualize the attention weights of the DAM

module, enhancing the interpretability of the proposed ResTCN-DAM.

During the process of our research, we also recognize certain limitations in the
proposed methodology, such as the relatively inefficient training of deep models and the
limited interpretability of modules beyond attention mechanism. Therefore, in future
research, we will strive to enhance the accuracy and efficiency of deep time series
forecasting models and will employ more powerful IML methods to further enhance the
global interpretability of model. This will allow us to develop high-performance runoff
forecasting models that will be not only more accurate but also more transparent and

trustworthy in their forecasting processes.
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CHAPTER

RESIDUAL BIDIRECTIONAL GATED RECURRENT UNIT
WITH SPATIOTEMPORAL SHORTCUTS

RQ2 highlights the performance bottlenecks in current neural network-based runoff
forecasting models. Although the model proposed in Chapter 4 achieves high-accuracy
predictions within 0 to 12 hours (with NSE > 0.9), most mainstream runoff forecasting
models are still built upon recurrent architectures. Therefore, targeted improvements to
this widely adopted class of models are urgently needed. To address this problem, we
innovatively propose another interpretable hourly deep runoff forecasting framework:
Spatio-Temporal Residual Bidirectional Gated Recurrent Unit (STResBiGRU). This
framework fundamentally relies on a significantly enhanced BiGRU network, which
not only captures the rich hidden relationships in long sequences through bidirectional
traversal of the input sequence but also innovatively introduces unique temporal shortcut
connections between cells. In the overall network architecture, the novel design of dual
residual block pathways and dense spatial shortcut connections considerably deepens the
recurrent architecture-based neural network. The integration of spatiotemporal short-

cut connections effectively improves the mode of information transmission in different
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dimensions, mitigates the vanishing gradient problem caused by deep networks and
long sequences, and enhances feature reuse. In addition, we incorporate the lightweight
spatiotemporal attention module DAM into the bidirectional information fusion process
of BiGRU to explicitly model the interdependencies among features in the forward and
backward GRU output maps across both temporal and spatial dimensions. This mecha-
nism selectively amplifies salient features to enhance the model’s temporal robustness
when handling long sequences. Furthermore, to improve interpretability, heatmap vi-
sualizations based on IML techniques are applied to both the forward and backward
branches of the BiGRU, providing insight into the model’s prediction process. Ablation
and comparative experiments on a real-world dataset from the Columbia River in the
United States demonstrate that the proposed STResBiGRU framework significantly
enhances accuracy and temporal robustness over mainstream models, providing reliable

decision support for stakeholders.

Section 5.1 outlines the chapter’s motivation and key contributions. Section 5.2 details
the proposed methodology. Section 5.3 offers a comprehensive model evaluation, and

Section 5.4 presents the conclusions.

5.1 Introduction

In hydrology, runoff data inherently form a multivariate time series, where future runoff
values over a specific forecasting horizon are highly correlated with historical variables
such as runoff, precipitation, temperature, and evaporation [139]. These influences are
often transmitted with temporal lags across multiple time steps [140]. Compared to
traditional neural networks, recurrent architecture-based neural networks such as RNN
possess a unique capacity for modeling temporal dependencies. At each time step, the
output depends not only on the current input but also on the hidden state from previous

steps, endowing them with memory capability. Building upon RNN, LSTM is proposed
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as a milestone neural network model. Its distinctive gating mechanism enables selective
retention and forgetting of information from past inputs, significantly enhancing the
ability to capture long-term dependencies and the delayed effects inherent in hydrological
processes [141]. Furthermore, LSTM naturally supports multivariate inputs and multi-
step forecasting, and can be flexibly integrated with other machine learning components
such as CNN and attention mechanism to form powerful hybrid models. Owing to these
advantages, LSTM-based architectures have been widely adopted in runoff forecasting
applications. Deng et al. propose a hybrid neural network model that combines 1-D
CNN and LSTM for daily rainfall-runoff forecasting [142]. The model initially applies
CNN with convolution and pooling to derive high-dimensional features, followed by
LSTM to uncover temporal dependencies within these local patterns. Experimental
results indicate that CNN-LSTM significantly outperforms individual LSTM models in
terms of accuracy and efficiency over longer lead times. Wu et al. further exploit the
advantages of such hybrid models for quantitative precipitation estimation (QPE) in
China [143]. The proposed hybrid model uses CNN to model and process two-dimensional
gridded data obtained from satellites and rain gauges to extract spatial features, with
LSTM capturing the temporal dependencies of precipitation. This allows CNN-LSTM
to simultaneously model and learn the spatial and temporal correlations of the inputs.
Compared to individual models like CNN and multi-layer perceptron (MLP) [144], the

proposed CNN-LSTM hybrid model reduces errors by up to 17%.

The widespread application of recurrent architecture-based neural networks in runoff
forecasting highlights their significant potential for further development [145]. However,
these mainstream time series forecasting models exhibit notable limitations in real-world
scenarios, particularly along spatial and temporal dimensions. From a spatial archi-
tecture perspective, the increasing demand for predictive accuracy among hydrological

stakeholders necessitates continual improvements in model design to meet rising perfor-
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mance expectations. As one of the most widely used models in runoff forecasting, LSTM
suffers from substantial parametric complexity due to its gating units. When multiple
layers are stacked to learn high-level abstract features, the resulting degradation issues
make the network difficult to train, severely limiting its performance scalability. In the
temporal dimension, existing models often struggle with vanishing gradient and long-
term dependencies when processing long input sequences containing complex contextual
information [146]. These shortcomings prevent models from fully capturing the intricate
patterns and relationships within time series data. Consequently, recent research has
focused on hybridizing LSTM with models such as CNN to enhance its feature extraction
capability [147]. Moreover, the black-box nature of neural networks poses a significant
challenge to interpretability. The inability of stakeholders to understand the forecasting
process undermines trust in the model’s predictions, thereby hindering its adoption in

critical hydrological decision-making.

To address the above problems, this chapter introduces a novel short-term runoff
forecasting framework: STResBiGRU. This framework, which is based on BiGRU, spa-
tiotemporal shortcut connections, and dual-path attention mechanism, encapsulates the

following innovative features:

* The proposed STResBiGRU framework utilizes our redesigned BiGRU capable of
simultaneously processing bidirectional information flows, which not only innova-
tively incorporates dense shortcut connections built around dual residual block
pathways in its spatial architecture, but also establishes unique temporal shortcut

connections between GRU cells to facilitate efficient information transfer.

* We further integrate the lightweight dual-path spatiotemporal attention module
DAM with the bidirectional architecture, enabling adaptive recalibration of tempo-

ral and feature weights during the fusion of forward and backward information

96



5.2. METHODOLOGY

flows in BiGRU. By selectively emphasizing key information in each branch, the
attention mechanism facilitates efficient bidirectional fusion, thereby enhancing

the model’s forecasting capability over long input sequences.

* The IML-based heatmap visualization method is extended from unidirectional to
bidirectional architecture, providing local post-hoc explanations for the forecasting
processes of each unidirectional branch in STResBiGRU, thereby enhancing the

interpretability of the proposed model.

5.2 Methodology

We present the STResBiGRU framework for interpretable hourly runoff forecasting, as
shown in Figure 5.1. In the spatial architecture of the overall network, we adopt dual
residual block pathways instead of the traditional single pathway of ResNet. Within
each residual block, the BiIGRU models the temporal input both forward and backward
in parallel, capturing hidden relationships within the bidirectional sequence from a
more comprehensive perspective. Notably, we innovatively introduce temporal residual
connections between BiGRU cells, allowing each cell to establish connections with earlier
cells, thereby enhancing the reuse of temporal information and mitigating problems of
vanishing gradient and long-term dependencies in the temporal dimension. To facilitate
the effective integration of bidirectional information in the BiGRU and enhance the
model’s capacity to handle long sequences, a dual-path attention mechanism module
is inserted after each BiGRU within the residual blocks. This module also explicitly
models the importance of time steps and features within the bidirectional information
flow of the BiGRU across both temporal and spatial dimensions, selectively amplifying
key information in the feature maps while suppressing irrelevant details. The deep

integration of spatiotemporal shortcut connections, BIGRU, and dual-path attention
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Figure 5.1: The overall architecture of the proposed STResBiGRU hourly runoff forecast-
ing framework.

mechanism significantly enhances the depth and capacity of the time series forecasting
model to handle long sequences, enabling us to achieve accurate and robust runoff

forecasting.

5.2.1 Gated Recurrent Unit with Temporal Shortcuts

Traditional neural networks cannot perform time series forecasting, but the proposal of
RNN allows researchers to learn and use the hidden relationship of input in the time
dimension. However, RNN has a serious long-term dependencies problem, which makes
the network lose the ability to learn information in a large time interval. LSTM is a
milestone in the development of RNN, it can selectively memorize data by adding gating
units on the basis of RNN. Because LSTM has powerful performance, it has basically
replaced RNN as one of the most widely used neural network structures. Figure 5.2.1
demonstyrates the typical LSTM structure. The core of LSTM is the cell state which
determines the retained information and the forgotten information. The formulas of the

LSTM structure are as follows:

(5.1) ftZU (foxt+thht_1+bf)

(5.2) ir=0 (Wix +Wiphi_1+b;)
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(5.3) gt =¢ Wgexs + Wephs 1+bg)
(5.4) 0t =0 Woxxs + Wophi1+by)
(5.5) Ci=8:01;+Ci-10f;
(5.6) hi=¢ (Cy) oo,

where W is the weight matrix for the corresponding input; b is the bias term; o and ¢
represent sigmoid and tanh nonlinear activation function; C; represents the cell state,
which is the core parameter and can determine the forgotten and stored information. C;
needs to be maintained and updated through three gating units: forget gate f;, input gate
i; and output gate o;. The forget gate f; is used to determine the information that needs
to be removed from C;. The input gate i; chooses the stored information. The output gate
0; controls how much information the cell state C; has to output to the current hidden
state h;. g is the newly generated cell state; i; represents the intermediate information
transmitted between cells; x; is the time series input at ¢th step; © is the element-wise
multiplication. Through the above three gating units, LSTM can selectively forget and

store information, thus having better performance than RNN.

Although LSTM has excellent performance, it comes at the cost of increasing a huge
amount of parameters. Since the gating units contain a large number of weights and bias
term parameters, the number of parameters of LSTM is greatly increased. The parameter
amount of a typical LSTM is 4 times that of a naive RNN, which greatly increases the
training time and computational cost, and easily leads to overfitting. To solve this
problem, many variants of LSTM have also been proposed, the most famous of which
is GRU [148, 149]. The structure of GRU is shown in Figure 5.2.1. Like LSTM, GRU

can also selectively memorize data, and it has a more streamlined architecture, which
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Figure 5.2: The comparison of typical LSTM and GRU. GRU merges the gating units of
LSTM, which significantly reduces the parameters, and improves the model efficiency
while having the ability to selectively memorize and forget information.

reduces the amount of calculation while achieving the same level of performance as LSTM.
The proposed STResBiGRU is designed to develop a deep recurrent architecture-based
time series forecasting model capable of learning higher-order abstract features from
input sequences. Consequently, each layer in the network needs to maintain lightweight
characteristics to reduce the number of parameters. To this end, each residual block is
built upon the lightweight GRU architecture, which offers a favorable trade-off between
complexity and performance. The GRU consists of a series of sequentially connected cells

along the temporal dimension, with each cell formulated as follows:

(5.7) ri=0 Wexe+Wepheo1+b;)
(5.8) 2;=0 Wop; +Wophio1+b2)
(5.9) 8t =¢ [Wexx; + Werp(ri ©hy_1)+bgl
(5.10) hi=(1-2)0hi1+2;08;

where x; represents the input at the #th time step to the GRU Cell; W and b respectively

denote the weight matrix and bias terms associated with the gating units; o and ¢
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are the sigmoid and tanh activation functions, respectively. A significant improvement
of the GRU over the LSTM is the consolidation of the input and forget gates into a
single update gate z;, which selectively memorizes the current input information and
determines the extent to which past hidden state information is retained. The reset gate
r; controls the amount of information to be forgotten from the previous hidden state
h;—1 when generating the new hidden state A; in conjunction with the current input
x¢, which is crucial for capturing short-term dependencies within the input sequence.
Furthermore, unlike the LSTM, the GRU does not have a separate cell state but uses the
hidden state A; to control information flow, thereby reducing the number of parameters.
Consequently, GRU maintains a performance level comparable to that of LSTM but with
a more lightweight structure. This results in lower computational costs and enhanced
computational efficiency, thereby laying the foundation for constructing bidirectional,

deep time series forecasting model [150].

Although GRU optimizes the model architecture based on LSTM, the vanilla GRU
still encounters some of the same limitations present in the LSTM. Specifically, while
the gating units selectively retain crucial information, each GRU Cell is significantly
influenced by the hidden state of the previous time step, leading to a gradual forget-
ting of earlier antecedent information as the sequence length increases, exacerbating
information loss. Moreover, recurrent architecture-based neural network models update
weights incrementally by backpropagation through time (BPTT) [151]. Although gat-
ing units can mitigate the vanishing gradient to some extent, when dealing with very
long time sequences, the accumulation of gradients over multiple time steps can still
result in exceedingly small effective gradients, causing a substantial decline in training
efficiency. The proposed STResBiGRU aims to enhance the temporal robustness of time
series forecasting models across multiple forecast horizons of varying lengths. To address

the decline in performance of the core GRU architecture over extended lead times, we
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Figure 5.3: The structure of the core module BiGRU. Green lines indicate the unique
temporal shortcut connections between cells.

draw inspiration from ResNet and innovatively introduce temporal shortcut connections
between GRU cells. As illustrated in Figure 5.3, each GRU Cell not only receives the
hidden state A;_1 from the previous time step as input but also establishes shortcut
connections that span cells, directly linking input to output. Consequently, the output of

each GRU Cell at any time step can be expressed as follows:

(511) ht:(l—zt)th_l +2; @gt+ht_1

The incorporation of unique temporal residual connections effectively suppresses gradient
vanishing along the temporal dimension and ensures that information from previous
time steps can be transmitted intact across intermediate cells to subsequent time steps.
This feature significantly enhances the training efficiency and performance of the model
when handling longer time sequences, thereby enabling the proposed STResBiGRU to

achieve robust forecasts across various forecasting horizons.
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5.2.2 Bidirectional Architecture Integrated with Dual-Path

Spatiotemporal Attention Mechanism

Traditional time series forecasting models also have a significant limitation in that they
only process sequences unidirectionally from past to present. To forecast hourly runoff up
to 24 hours in the future, the input sequences often contain longer previous information,
which can include complex dependencies that are difficult for traditional unidirectional
models to capture fully. Research by Siami-Namini et al. demonstrates that BiLSTM
significantly outperforms traditional unidirectional LSTM in time series forecasting
tasks by additionally training on the raw data in reverse order [152]. Inspired by this, we
further modify the GRU layers within each residual block of the STResBiGRU by adding
an additional GRU to traverse the input sequence both forward and backward, forming
the BiGRU as shown in Figure 5.3. The proposed BiGRU comprises two structurally
identical GRU branches, where GRU-L for forward information flow traverses the input
sequence from xy to x;, and the newly added GRU-R for backward information flow
traverses the sequence from x; to xo in reverse order. The two sets of unidirectional
modeling processes of BIGRU are performed in parallel. It is noteworthy that in each
unidirectional GRU, the proposed temporal residual connections are also incorporated to

mitigate vanishing gradient and enhance feature reuse.

However, when modeling long sequences, the complex multivariate features contained
in bidirectional sequences make it challenging for conventional models to accurately
identify key elements. To address this, as demonstrated in Figure 5.4, a lightweight
spatiotemporal attention module DAM, previously introduced in Chapter 4, is further
embedded after each unidirectional GRU. This module is embedded after each unidirec-
tional GRU rather than after the bidirectional sequence fusion, primarily because the
fused sequence already contains bidirectional information, which may obscure the unique

and important components within each branch. The proposed module explicitly models
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Figure 5.4: The plug-and-play spatiotemporal attention module DAM facilitates the
effective fusion of bidirectional sequences in BiGRU.

feature importance across both temporal and spatial dimensions in the 2D feature maps.
By dynamically recalibrating feature weights, it selectively emphasizes critical features
in both forward and backward sequences, thereby facilitating effective bidirectional
information fusion. Subsequently, the adaptively recalibrated bidirectional forecasts are

then merged step-by-step to produce the final output of the BiGRU.
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It is noteworthy that the bidirectional structure employed by BiGRU only operates
on the all known observations {xg,x1,...,x;} available at timestep ¢, thereby ensuring
that this structure does not lead to leakage of future data in time series forecasting. The
adoption of the bidirectional structure in BiGRU allows each timestep element to perceive
both forward and backward information, providing a richer and more comprehensive
feature representation. This bidirectional information flow enables BiGRU to more
effectively learn and capture complex patterns and long-term dependencies within
time series compared to traditional unidirectional models. Furthermore, thanks to the
lightweight characteristic of GRU, the increase in model complexity and computational
cost with BiGRU remains within acceptable bounds compared to other bidirectional
models, such as BiLSTM. This feasibility allows BiGRU, as a core component, to be
integrated with the ResNet Plus architecture, thereby facilitating the construction of the

deep time series focecasting model STResBiGRU.

5.2.3 Model Design and Implementation Details

The proposed STResBiGRU is designed for 24-hour ahead runoff forecasting. In the
proposed attention module DAM, the hyperparameter for dimensionality reduction r
is set to 4. Except for certain modules with specific functions, the default nonlinear
activation function in STResBiGRU is ReLU. The sliding window strategy is employed
for rolling forecasting, with the input sequence length set to three times the forecasting
horizon. The model is trained using the MSE as the loss function, and its performance is
evaluated using MAE, MAPE, and NSE metrics. During training, the model undergoes
100 iterations with Adam optimizer, and the snapshot ensemble method is applied to
enhance robustness. All other hyperparameter settings and implementation details

remain consistent with those described in Chapter 4.
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5.3 Experiment Results and Discussion

5.3.1 Ablation Studies on Key Modules of STResBiGRU

The proposed runoff forecasting framework STResBiGRU addresses the degradation
problem in deep networks by incorporating additional residual block pathway and dense
spatial shortcut connections. The BIGRU with temporal shortcut connections, alongside
the plug-and-play attention module DAM, significantly enhances the model’s forecasting
performance over longer lead times. We specifically design a series of ablation studies
to validate the effectiveness of these core modules, with the lead time uniformly set
to the designed maximum forecasting horizon of 24 hours, and the core BiGRU layers
incrementally increasing from one to four layers (excluding other hidden layers such
as those from the attention module). In the ablation studies, we design three model
structures containing different modules: BiGRU as the baseline model, BIGRU-DAM
incorporating the lightweight attention module DAM, and STResBiGRU, which includes

both spatiotemporal shortcut connections and the DAM module.

The results of the ablation studies are shown in Table 5.1, from which it can be clearly
seen that the performance of both BiGRU and BiGRU-DPA without residual structures
initially improves then declines. Traditional architecture-based BiGRU networks reach
a performance threshold after stacking two layers, and then when the network depth
continues to increase, the vanishing gradient and degradation problem seriously restrict
the performance of the model, making the performance of the deep network even inferior
to that of the shallow network. Taking BiGRU-DPA as an example, the error increases
by 5.4% when the depth is increased from 2 to 4 layers, proving that the existence
of the degradation problem prevents the additional depth increase from effectively
obtaining positive gains. Notably, at each depth, the performance of BIGRU-DPA, which

incorporates the lightweight spatiotemporal attention module, consistently outperforms
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Model Depth MAE MAPE NSE
BiGRU 7.89 10.34 0.812
BiGRU-DAM 1 7.66 10.08 0.840
STResBiGRU 7.47 9.75  0.847
BiGRU 7.60 10.76  0.845
BiGRU-DAM 2 7.35 10.13  0.852
STResBiGRU 7.33 983 0.851
BiGRU 7.62 10.27  0.845
BiGRU-DAM 3 7.52 10.01 0.844
STResBiGRU 7.16 9.61 0.858
BiGRU 7.89 10.89 0.834
BiGRU-DAM 4 7.75 10.24  0.837
STResBiGRU 6.92 931 0.866

Table 5.1: Performance comparison of the proposed STResBiGRU and models integrating
various modules at different depths. Best results in each group are highlighted in bold.

the baseline BiGRU, demonstrating the effectiveness of DPA in adaptively recalibrating
multidimensional features. Unlike the other two models, STResBiGRU, which deeply
integrates the ResNet Plus architecture, consistently achieves the best performance at
any depth due to its unique temporal shortcut connections between GRU cells and dense
spatial shortcut connections, and it can be stacked up to 4 layers without degradation,
thereby far surpassing traditional models in depth. When STResBiGRU is increased
from 1 to 4 layers, its performance improves by 7.4%, validating that the ResNet Plus
architecture mitigates degradation in deep networks, allowing the additional layers to
learn higher-order abstract features from the sequence and thus achieve richer feature
representations. Furthermore, Figure 5.5 demonstrates the loss curves of different model
during the training process, showing that STResBiGRU, with its additional residual
block pathway and dense shortcut connections, optimizes the backpropagation path of

gradients. As a result, our proposed model exhibits faster convergence and lower loss.
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Figure 5.5: Visualization of training loss curves for models integrating various modules
at depth of 4.

5.3.2 Comparative Experiments with Mainstream Models

The main problem with existing runoff forecasting models is that they perform well at
short lead times, but their performance deteriorates severely as the forecast horizon
becomes longer. One of the research objectives of the proposed STResBiGRU is to ad-
dress the lack of temporal robustness in models. Therefore, we test the performance
of mainstream runoff forecasting models over five different lead times from ¢+ 2 to
t+ 24, as shown in Table 5.2, and visualized in Figure 5.6. It is evident that at shorter
lead times, the NSE values for the models are above 0.9, indicating that these neural
network-based models can make accurate forecasts. However, as the lead time continues
to increase, the performance of all the models decreases to varying degrees, mainly due
to the fact that the forecast for longer lead times relies on longer previous information,
and these sequences as inputs to the model may often be several times the forecast
horizon. Therefore, the capability to adequately model and learn the rich contextual
information and complex relational patterns in long sequences becomes the key to deter-

mine the performance of the model. As shown in Table 5.2, the proposed STResBiGRU
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Model Lead Time MAE MAPE NSE
LSTM 4.35 5.88 0.927
BiLSTM 4.17 5.42 0.933
GRU 9 4.72 6.39 0.919
BiGRU 3.93 5.23 0.940
TCN 3.84 5.39 0.945
STResBiGRU 3.48 4.92 0.952
LSTM 5.58 7.71 0.899
BiLSTM 5.50 7.53 0.895
GRU 4 5.84 8.17 0.892
BiGRU 5.69 7.66 0.893
TCN 5.30 7.32 0.907
STResBiGRU 4.61 6.62 0.918
LSTM 5.99 8.26 0.896
BiLSTM 5.81 7.70 0.900
GRU 8 6.06 8.78 0.891
BiGRU 5.81 7.71 0.891
TCN 5.98 8.10 0.893
STResBiGRU 5.19 7.32 0.909
LSTM 6.61 8.82 0.877
BiLSTM 6.28 8.44 0.883
GRU 19 7.38 10.09 0.850
BiGRU 6.45 9.20 0.883
TCN 6.96 9.41 0.863
STResBiGRU 5.67 7.89 0.901
LSTM 7.70 10.24 0.842
BiLSTM 7.64 10.63 0.844
GRU 94 7.79 10.71  0.835
BiGRU 7.60 10.76  0.845
TCN 8.80 11.24 0.776
STResBiGRU 6.92 9.31 0.866

Table 5.2: Performance comparison of the proposed STResBiGRU with mainstream
models at different lead times. Best results in each group are highlighted in bold.

consistently outperforms other models at all lead times, achieving SOTA performance
and maintaining excellent temporal robustness. Benefiting from its novel bidirectional

architecture, STResBiGRU effectively utilizes bidirectional information flows to learn
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Figure 5.6: MAE and NSE of models at various lead times.

more feature representations, while the attention module DAM enhances the model’s
capacity to perceive the importance of multidimensional features. In addition, the unique
spatiotemporal shortcut connections effectively mitigate the vanishing gradient problem
in corresponding dimensions, which not only improves the model’s capability to model
long sequences, but also effectively enhances its depth. The integration of these modules
provides STResBiGRU with a distinct performance advantage over other mainstream
neural network models, with approximately a 20% improvement in accuracy at each lead

time, thoroughly validating the advanced nature of the proposed framework.

5.3.3 Interpretability of Attention Module

In order to enhance the interpretability of the proposed STResBiGRU, we visualize the
feature weights learned by the attention module DAM embedded behind the forward
and reverse branches of BiGRU in the temporal dimension using heat map. It can be
seen from Figure 5.7 that for both the forward and backward outputs of BIGRU, DAM
tends to assign higher weights to features on time steps closer to the forecasted time
point (nearer to the right in the forward sequence and nearer to the left in the backward
sequence), and this observation is consistent with empirical regularities gained by time
series forecasting in practice. In most practical application scenarios, neighboring time

points in a time series tend to have strong correlation directly, but at the same time, due
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to the existence of long-term dependencies, i.e., certain time points may have specific
connections with others far apart, and these real-world objective laws are well reflected
by the heatmap, which proves that the modeling process of the features in our proposed
DAM module conforms to the objective laws and can be understood by humans. Through
this model-specific post hoc explanation, the forecasting process of STResBiGRU becomes

more transparent, significantly enhancing the model’s interpretability.

5.4 Conclusion

This chapter demonstrates STResBiGRU, an hourly runoff forecasting framework with
high temporal robustness. Its overall architecture is based on BiGRU, which utilizes a
novel bidirectional recurrent architecture to traverse input sequences in both directions,
capturing more comprehensive feature representations. Innovatively, unique temporal
residual connections between GRU Cells are introduced to mitigate the problem of
vanishing gradient over long sequences in the temporal dimension. To enhance the
fusion of bidirectional sequences in BiGRU, the lightweight spatiotemporal attention
module DPA is further integrated. Owing to its plug-and-play nature, this module can be
seamlessly embedded after each unidirectional GRU branch to adaptively recalibrate the
features of the forward and backward output sequences along both temporal and spatial
dimensions. The redesigned network architecture features dual residual block pathways
and dense shortcut connections, optimizing the backpropagation path of gradients and
significantly deepening the model to learn higher-order abstract features. Additionally,
IML-based heatmap visualization is extended to each branch of the BiGRU to enhance the
interpretability of the forecasting process. Ablation studies and comparative experiments
prove the effectiveness and advancement of the core components within the proposed

STResBiGRU, enabling robust and accurate runoff forecasting.
However, the research also reveals that although the proposed STResBiGRU achieves
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Figure 5.7: Heatmap of weights obtained by modeling the forward and backward outputs
of STResBiGRU in the time dimension through the DPA module at lead time of 24.

greater depth and higher accuracy than the vanilla GRU and other recurrent architecture-
based models, its overall performance at certain forecasting horizons remains slightly
inferior to that of the TCN-based ResTCN-DAM, indicating potential for further improve-
ment. Moreover, the first three models proposed in this thesis exhibit NSE values below

0.9 when the forecasting horizon reaches 24 hours, indicating that they have not yet
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fully achieved robust multi-lead-time forecasting. Addressing this limitation will be a

key focus of our future work.
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CHAPTER

DEEP BIDIRECTIONAL MAMBA FOR ROBUST
MULTI-LEAD-TIME RUNOFF FORECASTING

RQ3 highlights the urgent demand among hydrological stakeholders for outstanding
models capable of multi-lead-time runoff forecasting with strong temporal robustness.
As runoff forecasting continues to evolve from single-step to multi-step prediction, the ex-
pectations placed on models have shifted from achieving high performance over selected
intervals to maintaining temporal robustness across extended forecasting horizons of
up to 24 hours. To address this challenge and achieve RO3, we propose a robust and
interpretable fine-grained runoff forecasting framework: ResBi-Mamba Plus. The model
is built upon a redesigned bidirectional Mamba (Bi-Mamba) backbone. As an emerg-
ing architecture grounded in state space theory, Bi-Mamba inherits both convolutional
characteristics from CNN and recurrent properties from RNN, while maintaining linear
complexity, enabling efficient training and inference on GPU accelerators. The incorpo-
ration of bidirectional architecture allows the model to simultaneously traverse input
sequences in both forward and backward directions, thereby capturing richer contextual

dependencies. To further enhance the modeling of multivariate long-sequence inputs,
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we integrate the dual-path spatiotemporal attention module after each unidirectional
Bi-Mamba branch. This lightweight module adaptively recalibrates original features
in temporal and spatial dimensions based on channel-dependence (CD) and channel-
independence (CI) strategies, thereby allowing each unidirectional branch to highlight its
critical information during the fusion process. Additionally, the ResNet Plus architecture
is retained to optimize information flow in deep networks, enabling the model to achieve
unprecedented performance gains through depth enhancement that surpass the vanilla
Mamba architecture. Extensive ablation and comparative experiments conducted on
the hourly runoff dataset of the Columbia River Basin in the United States validate
the effectiveness of each module. Notably, the proposed ResBi-Mamba Plus establishes
new SOTA performance for extended forecasting horizons, significantly outperforming

current leading Transformer-based models in hydrology.

Section 6.1 describes the research background and key challenges addressed in
this chapter. Section 6.2 presents the technical details of the proposed ResBi-Mamba
Plus in detail. Section 6.2 presents the technical details of the proposed ResBi-Mamba
Plus framework. Section 6.3 reports the model’s performance metrics across various

forecasting horizons. Section 6.4 concludes the contributions of this chapter.

6.1 Introduction

As a key branch of deep learning, time series forecasting has received considerable
attention from the research community, leading to the emergence of numerous represen-
tative models [153]. Neural network-based models applied to runoff forecasting can be
primarily classified into two main categories according to different stages of development

and their corresponding characteristics.

The first category is the classical time series forecasting methods, represented by
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RNN and TCN, which constitute the prevailing paradigm and are widely adopted. Re-
current architecture-based neural networks, such as LSTM and GRU, possess certain
capabilities for selective information retention and forgetting. However, these models still
suffer from vanishing gradient and limited ability to capture long-term dependencies in
the temporal dimension [154], which significantly constrains their performance on long
sequences. Moreover, the inherently sequential computation also seriously affects their
computational efficiency. Although TCN supports parallel processing, its performance
remains constrained to short or medium horizons due to limited receptive fields [155].
Through the work in Chapters 3 to 5, we construct a diversified runoff forecasting frame-
work incorporating various neural network architectures based on these mainstream
models. The proposed models address key limitations of traditional architectures and
achieve high accuracy within certain forecasting horizons. However, when the horizon is
extended to 24 hours, performance degradation becomes evident, suggesting that these
models still fall short of delivering SOTA performance for multi-lead-time forecasting

[156].

The second category involves Transformer-based models [157], including Informer
[158] and iTransformer [159], which represent an emerging paradigm in runoff forecast-
ing. These models utilize self-attention mechanisms to capture arbitrary dependencies
across input sequences, enabling both parallel processing and effective feature extrac-
tion. In theory, Transformer can handle sequences of any length, effectively overcoming
the long-term dependencies modeling limitations of classical methods. This makes it
foundational to large-scale language models (LLM) [158] such as the famous Generative
Pre-trained Transformer (GPT) [160]. However, despite demonstrating exceptional time
series forecasting capability, Transformer suffers from quadratic complexity relative to
input sequence length due to its multi-head attention. This squared complexity leads to

prohibitive computational costs when processing long sequences, severely constraining
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its effectiveness for extended forecasting horizons [161].

To achieve robust multi-lead-time runoff forecasting as outlined in RO4, it is impera-
tive to overcome the inherent structural limitations of existing models. This necessity
prompts a shift toward exploring new architectural paradigms. Recently, Gu et al. pro-
pose a novel time series forecasting architecture Mamba [162, 163], characterized by its
dual attributes of convolution and recursion while still maintaining linear complexity.
Moreover, it enhances long-sequence contextual understanding by incorporating innova-
tive memory initialization and selection mechanisms. To further boost computational
efficiency, Mamba adopts two hardware-aware algorithms, parallel associative scan and
memory recomputation, tripling its computational efficiency. Due to its outstanding
performance, Mamba has garnered significant attention and is widely regarded as a
strong contender to Transformer-based architectures [164], with promising potential for
broad application in time series forecasting. Inspired by this, we innovatively propose a
powerful hourly runoff forecasting framework: ResBi-Mamba Plus, which deeply inte-
grates redesigned bidirectional Mamba (Bi-Mamba), improved deep residual network
(ResNet Plus), and lightweight spatiotemporal attention mechanism DAM, capable of
robust and interpretable multi-lead-time runoff forecasting. The main contributions of

this chapter are as follows:

¢ We propose a novel Bi-Mamba architecture based on the modified Mamba-2, which
can process bidirectional information flows in parallel. Serving as the backbone of
our overall framework, Bi-Mamba not only surpasses the performance of Mamba-
1 in each unidirectional branch but also boosts forecasting capability for long

sequences through richer bidirectional contextual representations.

¢ The proposed Bi-Mamba integrates the spatiotemporal attention module into its

bidirectional fusion process, enhancing the parallel modeling of complex interdepen-
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Figure 6.1: The overall architecture of the proposed ResBi-Mamba Plus network. The
model is composed of residual blocks that integrate Bi-Mamba and attention modules as
fundamental building units. These blocks are stacked and interact along two parallel
residual pathways, enhancing information flow throughout the network and enabling
the construction of deep Mamba-based models.

dencies across different time steps and features in multivariate time series along
both temporal and spatial dimensions. Additionally, the ResNet Plus architecture
is also employed to increase the model’s depth, making the proposed ResBi-Mamba
Plus significantly more effective than current Mamba-family models in both depth

and long-sequence modeling.

* To the best of our knowledge, this chapter is the first to explore the potential
applications of the Mamba architecture for fine-grained hourly runoff forecast-
ing. We demonstrate the effectiveness and superiority of the deeply enhanced
ResBi-Mamba Plus framework through detailed ablation studies and comparative

experiments.

6.1.1 Proposed Method

The overall architecture of the proposed multivariate hourly runoff forecasting frame-
work ResBi-Mamba Plus is shown in Figure 6.1. The primary strengths of ResBi-Mamba

Plus lie in its depth and scalability, enabling the construction of deeper models and the
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processing of longer input sequences. Its backbone is built upon the data-driven SSM
Model: Mamba, which combines parallel processing with linear complexity. To overcome
the depth limitations of vanilla Mamba, we incorporate the ResNet Plus architecture
into the network design. This architecture features two parallel residual paths inter-
connected via dense shortcut connections, effectively mitigating gradient vanishing and
performance degradation issues, and substantially increasing the model’s effective depth.
To further enhance the performance of each residual block, we draw inspiration from
the bidirectional structure proposed in Chapter 5 and redesign the novel Bi-Mamba
modules within each residual block to capture richer contextual information through
additional backward processing. Moreover, a multi-dimensional attention module is
embedded to adaptively and explicitly model the importance of features across temporal
and spatial dimensions for both directional branches of Bi-Mamba. This ensures that
critical elements are prominently represented when the two branches are fused. With
these features, ResBi-Mamba Plus not only can stack to deep layers to learn high-order
abstract features but also maintains robust performance over extended periods, setting

a new benchmark for hourly runoff forecasting.

6.1.2 From State Space Model to Mamba

Mamba is a novel milestone in time series forecasting architectures, following RNN
and Transformer, capable of striking a better balance between performance and com-
putational complexity in tasks involving long sequences. The Mamba architecture is
fundamentally based on State Space Model (SSM) [165], a mathematical framework
originating from modern control system theory, used to describe the state representation
of systems at each time step. The core of SSM is to map the input x; to the output y;

through the hidden state 4 ; using first-order differential equations. This process can be
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formulated as:

(6.1) h(t) = Ah(t) + Bx(2),

(6.2) y(t) = Ch(t)

where A e RV*N B e RVN*P and C e RV *P represent three learnable parameter matrices,
corresponding to the state transition matrix, input matrix, and output matrix, respec-
tively. N denotes the state dimension, while D represents the variable dimension. The
original SSM was designed to deal with continuous functions. However, to model the
real-world discrete time series , it is necessary to transform the continuous parameters
(A, A,B) into discrete parameters (A,B) using the zero-order hold (ZOH) method, where
A is a special time scale parameter used to control the updating of the state at each time

step. The discretization process can be expressed as:

(6.3) A = exp(AA)

(6.4) B = (AA) (exp(AA)-T)-AB
The formula for the discretised SSM is then given by:

(6.5) hk :th_l +§xk

(6.6) yr =Chy,

where k represents the discrete time step. The discretized SSM exhibits unique dual
attributes of convolution and recursion. During the training phase, it employs convolu-

tional operation to compute in parallel, enhancing training efficiency. In the inference
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phase, outputs can be rapidly generated through recursion. However, SSM still suffers
from the long-term dependencies problem. To address this, Gu et al. replace the ran-
domly initialized matrix A with the HiPPO matrix [166], significantly improving the
SSM’s retention of historical information. This development laid the foundation for the
precursor to Mamba: the structured state space model (S4). Building upon S4, Mamba
introduces two significant improvements: a data-driven selection mechanism and a new
hardware-aware parallel algorithm. The S4 is fundamentally a Linear Time-Invariant
(LTT) model, meaning that A, A, B, C remain constant at all time steps, thus the model
lacks context-aware ability specific to given inputs. To address this, Mamba implements
a unique selection mechanism that parameterizes A and matrices B, C according to
the input, transforming S4 into a data-driven, time-varying model. This process can be

described as follows:

(6.7 B — Sg(x) = Lineary(x)
(6.8) C — Sc¢(x) = Lineary(x)
(6.9) A — Sa(x) = TA - Broadcastp(Linear; (x))

where Lineary represents a parameterized projection to dimension N, and 7 denotes
the Softplus function. The selection mechanism in Mamba is similar to a combination of
attention and gating mechanisms, enabling selective memory and forgetting of inputs
and their projections. The interaction between parameters A and A determines the
information retained by the model, while B and C make the model selective and able
to filter information more finely. However, the time-varying selection mechanism also

compromises Mamba’s equivalence to convolution. To offset the loss in efficiency, Mamba

122



6.1. INTRODUCTION

uses a new recursive scanning algorithm as an alternative to the original convolutional
operation. This method computes the input sequence in chunks and combines them
iteratively by constructing a balanced binary tree, ensuring that the model can still utilize
modern accelerators for parallel processing. Additionally, Mamba performs discretization
and recursive computations directly in GPU SRAM to reduce I/O operations, and employs
the recomputation technique during backpropagation to recalculate intermediate states,
thereby reducing memory requirements and significantly enhancing the efficiency of
processing long sequences. Mamba block serves as the fundamental component of the
model and its structure is shown in Figure 6.1.2. In terms of architectural design, the
simplified Mamba block combines the H3 architecture, which is the basis of SSM, with

the gated MLP and can be stacked flexibly like residual blocks.

6.1.3 Bidirectional Mamba-2 with Spatiotemporal Attention

Mechanism

Building on Mamba-1, Dao et al. further unify the SSM architecture with attention
mechanism and propose the Mamba-2 model based on Structured State Space Dual-
ity (SSD) [167]. The SSD framework views both the linear time-invariant system of
SSM and the attention mechanism as semiseparable matrix transformations, allowing
SSM operations to be converted into structured matrix multiplications. To further en-
hance model’s training efficiency on accelerators, the SSD layer in Mamba-2 optimizes
SSM matrix computations through the block decomposition algorithm. Diagonal blocks
utilize dual attention for intra-block computations, while low-rank off-diagonal blocks
are decomposed according to the properties of semi-separable matrices for inter-block
computations. As a result, Mamba-2, which is based on matrix operations, is able to
accelerate SSM using the tensor core, resulting in a 2-8 times increase in training speed.

In addition, as shown in Figure 6.1.2, the architecture of the Mamba-2 block is also
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Figure 6.2: The internal architectures of the Mamba-1 and Mamba-2 blocks. The green
trapezoid denotes linear projection, the yellow rectangle represents sequence transfor-
mations, and the orange dot represents nonlinearity.

optimised by replacing the SSM-centric sequential linear projection with the parallel
parametric projection. In this configuration, (A, B, C) are no longer considered as auxil-
iary parameters but rather the SSD layer acts as a map from (A, X, B, C) to Y, which
allows for better applicability of tensor-parallelism to the input projection. Moreover,
Mamba-2 incorporates an extra normalization layer before the final output projection
to ensure training stability. Given these advantages, our proposed ResBi-Mamba Plus

employs Mamba-2 as its core backbone to construct the overall model.

The advantages of the Mamba-2 model in terms of efficiency and long sequence

modelling enable it to maintain high temporal robustness over extended forecasting
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Figure 6.3: The proposed Bi-Mamba architecture, which consists of two parallel branches:
Forward Mamba and Backward Mamba. These branches traverse the input sequence
in opposite directions, and their outputs are adaptively recalibrated through the subse-
quently embedded spatiotemporal attention module.

horizons. However, increasing the length of input sequences typically brings richer

contextual information, while existing Mamba models mostly rely on traditional unidi-

rectional structures, traversing from past to present, which inevitably overlooks some

complex interdependencies among sequences. Siami-Namini et al. and Liang et al. have

demonstrated that LSTM and SSM models enhanced with bidirectional architectures

outperform their unidirectional counterparts on multiple tasks[152, 168]. Moreover, the

results presented in Chapter 5 further substantiate the advantages of this design for



CHAPTER 6. DEEP BIDIRECTIONAL MAMBA FOR ROBUST MULTI-LEAD-TIME
RUNOFF FORECASTING

modeling long sequences. Inspired by this, we further improve the bidirectional architec-
ture and propose the first Bi-Mamba model based on the latest Mamba-2 backbone, as
illustrated in Figure 6.3. Within each block, an additional Mamba has been incorporated
to traverse the input sequence in reverse order, from x; to xg. This newly added reverse
traversal is also based solely on historical data known at the current time step, thereby
preventing any leakage of future information during training and inference. Both forward
and backward computations are independent and parallel, and benefiting from Mamba’s
linear complexity and hardware acceleration, Bi-Mamba achieves a favorable balance
between accuracy and computational efficiency. This ensures that it can be linearly

stacked in multiple layers to enhance performance like traditional Mamba blocks.

Time series forecasting models typically input historical information that is multiple
times the length of the forecasting horizon to ensure the sequence contains sufficient
contextual information for modeling. To address the challenges posed by long sequences,
we further integrate the attention mechanism into each Bi-Mamba block [169], en-
abling the model to dynamically focus on critical parts of the input feature map. The
proponents of Mamba-2 believe that the integration of attention mechanisms will be
a significant future development direction for the Mamba family models. Essentially,
there is a complementary relationship between the Mamba layer and the attention layer
in the model, i.e., the SSM establishes an initial mapping from input to output, and
then the attention module retrieves and labels the important elements in the sequences,
which can work synergistically to improve the efficiency and accuracy. Dao et al. have
also demonstrated through empirical studies that combining attention with SSM sig-
nificantly improves the forecasting performance of the model compared to the vanilla
Mamba model [167]. In real-world applications, time series data often contain multiple
variables. Consequently, in multivariate time series forecasting, original sequences are

considered as multi-channel signals where each channel represents an independently
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Figure 6.4: The architecture of the proposed multidimensional attention module DAM.
This plug-and-play module is designed to be inserted after the Bi-Mamba layer, enabling
explicit modeling of feature importance in both temporal and spatial dimensions based
on CD and CI strategies, respectively.

recorded univariate series. Mainstream attention mechanisms employed in time series
forecasting models, such as the self-attention of Transformer, mainly focus on a single
dimension, usually the temporal dimension. This channel-dependence (CD) modeling
strategy inherently amalgamates distinct variables into hybrid temporal features at
each time step. The consequent loss of independence and receptive field characteristics
potentially constrains model performance in complex hydrological and meteorological
scenarios requiring long-term forecasting capability. Emerging SOTA architectures like
iTransformer have progressively adopted the channel-independence (CI) strategy, which
treats the entire sequence of each variable as the primary subject of the model’s descrip-
tion. This inverted modeling approach has demonstrated empirical efficacy in enhancing
forecasting performance. However, the CI strategy struggles to explicitly model inter-
channel dependencies, which becomes particularly problematic when the number of

channels is large.

To overcome the limitation of existing attention mechanisms that primarily focus

on a single dimension, it is necessary to further quantify the importance of output
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elements from the forward and backward Mamba branches across different dimensions.
Therefore, we deeply integrate the spatiotemporal attention module DAM, proposed
in Chapters 4 and 5 , with Bi-Mamba. Specifically, the CD strategy is applied in the
temporal dimension to emphasize the sequential correlations among features, while
the CI strategy is used in the spatial dimension to assess the relative importance of
individual variable channels. The structure is demonstrated in Figure 6.4. Moreover,
conventional bidirectional architectures often adopt simple element-wise concatenation
to fuse outputs from two independent branches. In contrast, the plug-and-play nature
of the DAM module allows it to be flexibly embedded at arbitrary positions within
time series forecasting models, enabling it to replace traditional concatenation-based
fusion. In the proposed ResBi-Mamba Plus, DAM is inserted after each unidirectional
branch in Bi-Mamba, where it explicitly recalibrates the importance of elements in the
output feature maps. The two branches recalibrated by attention weights can highlight
their respective key elements from a global perspective, enabling more efficient fusion of
bidirectional multivariate time series. This enhancement further improves ResBi-Mamba

Plus’s temporal robustness when modeling long sequences.

6.1.4 Quantitative Evaluation of Multi-Lead-Time Runoff

Forecasting

There is no universally accepted standard for evaluating the performance of runoff
forecasting models in hydrology. As a result, existing studies often adopt diverse criteria
based on specific application scenarios and subjective assessments. Among these criteria,
most are grounded in the Nash-Sutcliffe Efficiency (NSE), a widely used quantitative
metric. NSE intuitively measures the goodness-of-fit between observed and predicted
values. It is dimensionless and conceptually straightforward, making it convenient for

direct comparison across different regions, models, and variables. For these reasons,
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Performance Rating Ecrepont Criterion Ritter Criterion

Very Good > (0.66 =0.90
Good 0.33-0.66 0.80-0.90
Average/Acceptable 0-0.33 0.65-0.80
Poor/Unsatisfactory <0 <0.65

Table 6.1: Evaluation Criteria for Hydrological Models.

NSE is regarded as a core evaluation indicator in international hydrological research.
Ecrepont et al. suggest that the performance of a hydrological model can be classified into
four categories based on the NSE value: "very good" when > 0.66, "good" when 0.33 —0.66,
"average" when 0 —0.33 and "poor" when < 0 [170]. Ritter et al. propose a more stringent
evaluation standard, where NSE value = 0.90 is considered "very good", 0.80 —0.90 is
"good", 0.65 —0.80 is "acceptable"”, and < 0.65 is classified as "unsatisfactory" [118]. The

comparison between these two evaluation criteria is presented in Table 6.1.

It can be observed that the two evaluation metrics differ substantially, primarily
because the rapid development of deep learning has rendered less stringent standards
inadequate for capturing the fast growth in model performance. Therefore, in this thesis,
the more rigorous Ritter evaluation criterion is adopted for assessing the proposed high-
performance neural network models. Drawing on the work of Ritter et al. and considering
the current state of research in the field, we further refine the performance evaluation for
hourly runoff forecasting models across multiple horizons (i.e., temporal robustness). A
model is considered to achieve SOTA temporal robustness in multi-lead-time forecasting
only if it consistently maintains NSE=> 0.90 across all intervals within the 0-24 hour
horizon. This quantitative standard imposes stricter requirements on both short-term
and long-term forecasting capabilities. Models with true multi-lead-time forecasting
ability must not only achieve "very good" accuracy in a single interval but also sustain
this level of performance throughout the entire 24-hour horizon without noticeable

degradation.
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6.1.5 Model Design and Implementation Details

As a multi-lead-time forecasting model, ResBi-Mamba Plus is further extended to forecast
hourly runoff from 2 hours up to 48 hours in the future. In terms of network architecture,
ResBi-Mamba Plus supports the construction of dual residual block pathways with a
depth of up to 6 layers, while in DAM, the dimensionality reduction hyperparameter r is
set to 4. The dropout regularization is also added after each unidirectional Mamba layer
to prevent overfitting, with the dropout rate set to 0.2. The study area of this chapter is
the Columbia River in Western North America. The model is iterated 100 times using
the Adam optimizer. Experiments are conducted on NVIDIA RTX 3070, based on Pytorch
1.12.1 + CUDA 12.8 environment. Due to the adoption of a new deep learning framework,
some experimental results in this chapter differ significantly from those presented in the

previous chapters.

6.2 Experiment Results and Discussion

6.2.1 Ablation Study

Compared to the baseline model Mamba-2, our proposed ResBi-Mamba Plus introduces
multiple principal enhancements, including the bidirectional architecture combined with
the intra-block design that integrates dual path multidimensional DAM module. At the
network level, it further improves information flow in deep layers through an additional
auxiliary residual pathway and dense shortcuts. To validate the effectiveness of our
methodology, we conduct comprehensive ablation studies examining the performance
contributions of individual components at varying network depths. The forecasting
horizon is consistently set to 48 hours, and the model depth refers to the number of

residual blocks rather than the total number of network layers.
Table Table 6.2 presents the results of the ablation studies, clearly illustrating that
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Model Depth MAE MAPE NSE
Mamba-2 7.38 10.69 0.845
Bi-Mamba-DAM 1 7.02 9.77 0.856
ResBi-Mamba Plus 7.04 10.25 0.858
Mamba-2 7.24 10.11  0.852
Bi-Mamba-DAM 2 7.08 9.85 0.857
ResBi-Mamba Plus 6.79 9.42 0.868
Mamba-2 7.28 10.11 0.851
Bi-Mamba-DAM 4 7.13 10.33 0.854
ResBi-Mamba Plus 6.43 9.29 0.878
Mamba-2 7.71 11.43 0.831
Bi-Mamba-DAM 6 7.39 10.39 0.845
ResBi-Mamba Plus 6.22 8.86 0.887

Table 6.2: Performance comparison at different depths. Best results per group are
highlighted in bold.

ResBi-Mamba Plus outperforms other models in most experimental settings, particularly
in deeper network configurations. Specifically, while the baseline model Mamba-2 and
the Bi-Mamba-DAM variant exhibit slight performance gains at shallower depths, their
errors increase substantially as the network depth reaches six residual blocks. Notably,
the error of Mamba-2 rises by 6.5%, and that of Bi-Mamba-DAM increases by 5.3%,
indicating that even SOTA models within the Mamba family struggle to mitigate issues
such as vanishing gradient and performance degradation in deep networks. In contrast,
ResBi-Mamba Plus, which adopts the ResNet Plus architecture, continues to benefit
from increased depth. Its error decreases by approximately 11.6%, demonstrating that
the model effectively addresses the adverse effects of deep networks and significantly
enhances forecasting accuracy by learning higher-level abstract representations. While
mainstream Mamba-based models typically consist of only 2-3 Mamba blocks, ResBi-
Mamba Plus more than doubles this depth. It is also worth noting that each Bi-Mamba
block comprises dozens of internal layers performing diverse functions, meaning that at

the depth of 6, the actual number of hidden layers in the model exceeds one hundred.
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Figure 6.5: Training loss curves of different models in the ablation study (depth = 6,
forecasting horizon = 48).

Moreover, Bi-Mamba-DAM consistently outperforms the baseline model across all
depths, proving that the integration of the additional backward traversal and the adap-
tive recalibration of features in different dimensions via the DAM module effectively
enhances forecasting accuracy by enabling richer contextual modeling. Figure 6.5 further
demonstrates the loss curves of models with different modules during the training pro-
cess. It is evident that ResBi-Mamba Plus achieves the fastest convergence, which can be
attributed to the dense shortcut connections between parallel residual pathways. These
connections establish shorter routes for gradient backpropagation, thereby accelerating
the optimization process. In addition, the convergence speed of Bi-Mamba-DAM is also
significantly improved. This enhancement is due to the application of attention mecha-
nisms in both temporal and spatial dimensions, which enables the model to rapidly and
adaptively focus on critical features. As a result, the error signal can more efficiently
propagate in directions that have a greater impact on loss reduction, further contributing

to faster and more stable training.
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6.2.2 Comparative Experiments with Mainstream Models

We conduct comprehensive comparative experiments between the proposed ResBi-

Mamba Plus and two representative categories of mainstream models that are most

widely used in the field of runoff forecasting, as introduced in Section 6.1. To evaluate

the temporal robustness of the models across different forecasting horizons, we test them

under six lead times ranging from short to long: 2, 4, 8, 12, 24, and 48 time steps. The

models included in the comparison are as follows:

Bi-LSTM adopts a novel bidirectional recurrent architecture and is regarded as

one of the most advanced and high-performing variants of LSTM.

Transformer replaces traditional recurrent architectures with the self-attention

mechanism and has become one of the most widely used models in deep learning.

Informer builds upon the traditional Transformer by incorporating the Prob-
Sparse self-attention mechanism and the self-attention distilling strategy to reduce
computational complexity and parameter count. It is considered one of the SOTA

time series forecasting models.

iTransformer adopts the inverted modeling method based on the CI strategy,
treating variables as the primary dimension to learn feature representations
of multivariate time series. It stands as one of the SOTA models for long-term

forecasting tasks.

Mamba-2 is the latest paradigm within the SSM family and also serves as the

backbone of our proposed methodology.

MambaFormer is a popular hybrid model in time series forecasting [171], com-
bining the respective strengths of the Mamba and Transformer architectures. It

continues to evolve with the emergence of new variants.
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Mainstream runoff forecasting models are currently undergoing a paradigm shift
from single-step to multi-step forecasting. As a result, model performance across various
forecasting horizons has become a critical focus of our analysis. Table 6.3 and Figure
6.6 present the results of comparative experiments. Specifically, at short to medium
lead times, traditional forecasting methods achieve comparable or even slightly superior
performance to outstanding Transformer and Mamba-family models. Notably, Bi-LSTM,
which also adopts the bidirectional architecture, exhibits strong performance at multiple
lead times, indirectly validating the effectiveness of the additional backward traversal. As
the lead time increases, iTransformer and Mamba-2, both representing the latest SOTA
models within their respective branches, demonstrate remarkable temporal robustness in
long-term forecasting. The CI-based iTransformer demonstrates substantial performance
improvement over vanilla Transformer through capturing intra-channel dependencies,
establishing itself as the second-best model across several lead times. According to the
criteria outlined in Section 6.1.4, iTransformer is the only baseline model that achieves
SOTA multi-lead-time performance over the 24-hour forecasting horizon. In contrast,
the vanilla Transformer suffers from its quadratic complexity, where the growth of the
attention matrix in longer sequences impedes effective training. Consequently, even
the hybrid MambaFormer, which integrates Mamba-2 and Transformer components,
still underperforms in long-term horizons. The results clearly show that across all six
evaluated lead times, our proposed ResBi-Mamba Plus outperforms all competing models
in terms of various evaluation metrics, highlighting its superior overall performance. It
is worth noting that ResBi-Mamba Plus consistently maintains SOTA-level temporal
robustness with NSE > 0.90 across all forecasting horizons within the next 24 hours.
This effectively addresses the problem of performance degradation over long forecasting

horizons.

Furthermore, compared with the three models previously proposed in this thesis,
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Figure 6.6: MAE and NSE of mainstream time series forecasting models at various lead
times.

ResBi-Mamba Plus achieves a substantial extension of the forecasting horizon through
progressive architectural improvements while maintaining comparable performance lev-
els. Specifically, the horizon for which temporal robustness is sustained has been tripled
relative to EA-TCN presented in Chapter 3, and has more than doubled compared to the
stronger deep models ResTCN-DAM and STResBiGRU. These results further demon-
strate the remarkable performance advantage of the SSM-based Mamba architecture
over mainstream convolutional and recurrent architectures in time series forecasting

tasks.

To rigorously assess the models’ temporal robustness at the extremes of its forecasting
capability, the forecasting horizon is extended beyond conventional limits. At the longest
horizon (lead time = 48), ResBi-Mamba Plus achieves a 9.9% reduction in error compared
to iTransformer, the widely recognized SOTA model for long-term forecasting. This
demonstrates that our proposed methodology based on both CD and CI strategies is more
suitable for long-term, fine-grained runoff forecasting than single-strategy models like
iTransformer. Furthermore, the performance advantage of ResBi-Mamba Plus is even
more pronounced when compared to other mainstream models: it achieves 30.3% and
18.4% lower errors than Transformer and Informer, respectively, strongly validating the

effectiveness and advancement of our proposed framework.
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Model Lead Time MAE MAPE NSE
Bi-LSTM 3.35 4.62 0.956
Transformer 4.62 6.76 0.937
Informer 3.97 5.65 0.949
iTransformer 2 3.56 5.09 0.947
Mamba-2 4.17 6.63 0.941
MambaFormer 3.61 5.49 0.953
ResBi-Mamba Plus 3.15 4.52 0.961
Bi-LSTM 4.66 6.75 0.932
Transformer 5.05 7.51 0.921
Informer 4.95 7.10 0.926
iTransformer 4 4.42 6.33 0.932
Mamba-2 4.67 6.61 0.931
MambaFormer 4.58 6.43 0.934
ResBi-Mamba Plus 4.11 5.89 0.943
Bi-LSTM 5.57 7.89 0.910
Transformer 5.81 8.10 0.902
Informer 5.53 7.77 0.909
iTransformer 8 5.43 7.85 0.902
Mamba-2 5.57 8.17 0.907
MambaFormer 5.70 8.31 0.902
ResBi-Mamba Plus 4.67 6.60 0.930
Bi-LSTM 5.83 7.80 0.903
Transformer 6.49 9.07 0.881
Informer 6.40 9.59 0.884
iTransformer 12 5.33 7.60 0.904
Mamba-2 5.66 8.07 0.906
MambaFormer 6.49 9.03 0.881
ResBi-Mamba Plus 5.22 7.19 0.918
Bi-LSTM 6.44 8.77 0.883
Transformer 7.25 9.95 0.856
Informer 6.33 9.11 0.886
iTransformer 24 5.69 8.03 0.900
Mamba-2 6.34 8.69 0.886
MambaFormer 7.00 9.45 0.860
ResBi-Mamba Plus 5.32 7.74 0.915
Bi-LSTM 7.15 10.69 0.852
Transformer 8.92 12.9 0.782
Informer 7.62 11.18 0.836
iTransformer 48 6.90 9.83 0.856
Mamba-2 7.24 10.11  0.852
MambaFormer 8.53 11.45 0.797
ResBi-Mamba Plus 6.22 8.86 0.887

Table 6.3: Performance comparison at different lead times.

6.2.3 Interpretability of Attention Module

To further enhance the transparency of the forecasting process, we employ the IML ap-

proach to visualize the temporal attention weights of the DAM module. Figure 6.7 shows
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Figure 6.7: Temporal attention weight heatmaps of forward and backward Bi-Mamba
branches.

the weight heatmaps for the forward and reverse Bi-Mamba branches, where brighter
colours represent higher weights assigned to features at this time step. It is evident that
in the forward branch’s heatmap, features toward the right (near the forecasting hori-

zon) are given higher weights. Conversely, in the backward branch which processes the
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input sequence in reverse, features on the left side of the heatmap (corresponding to the
same region near the forecasting horizon) are emphasized. These patterns indicate that
the attention module’s temporal weighting preferences align closely with fundamental
time-series characteristics. Specifically, correlation between time-series elements decays
as their temporal distance increases. Thus, observations closer in time typically exhibit
stronger correlations and better reflect the series’ current trend, a short-term memory
effect that the DAM module effectively captures. It is noteworthy that time series may
also exhibit specific long-term dependencies characterized by a relatively slow decay in
the autocorrelation function, resulting in strong correlations even across large temporal

intervals. This phenomenon is clearly reflected in the heatmaps as well.

6.3 Conclusion

In this chapter, we propose a novel multi-lead-time runoff forecasting framework: ResBi-
Mamba Plus, which demonstrates exceptional temporal robustness and achieves accurate
forecasts across all forecasting horizons within the next 24 hours. For the first time, we
introduce the emerging SSM-based deep learning architecture Mamba-2 to fine-grained
hourly runoff forecasting. This architecture exhibits dual attributes of convolution and
recursion while maintaining linear computational complexity. Furthermore, the ResNet
Plus architecture with dense shortcut connections is incorporated to complement the
Mamba model, enabling substantial performance gains through increased network depth.
To comprehensively capture the rich contextual information within input sequences, we
designe a bidirectional backbone, Bi-Mamba, and insert our designed DAM module after
each unidirectional branch. The DAM module adaptively recalibrates features along the
temporal and spatial dimensions based on CD and CI strategies, respectively, thereby
enhancing the model’s temporal robustness, particularly for long-term forecasting tasks.

Multiple sets of ablation and comparative experiments prove the effectiveness and
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superiority of ResBi-Mamba Plus, demonstrating that it consistently outperforms current
SOTA models across various evaluation metrics. Our framework establishes a new

paradigm for applying Mamba-family models to runoff forecasting tasks.
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CHAPTER

CONCLUSION AND FUTURE RESEARCH

7.1 Conclusion

Accurate forecasting of fine-grained hourly runoff, which belongs to non-stationary time
series, has long been a challenging research direction in hydrology. This thesis conducts
a comprehensive optimization and enhancement of existing neural network-based runoff
forecasting models by addressing their common limitations in terms of accuracy, efficiency,
and long-term forecasting capability. Building upon these improvements, a series of
high-performance hourly runoff forecasting frameworks are progressively proposed,
incorporating diverse emerging deep learning techniques. The primary contributions of

this work are summarized as follows:

Lightweight Robust Forecasting Framework: We propose an innovative fore-
casting framework, EA-TCN, which achieves a balanced trade-off among performance,
efficiency, and robustness. This framework replaces the parameter-heavy recurrent ar-
chitecture with the lightweight TCN and integrates a plug-and-play attention module

to enhance accuracy. The Snapshot ensemble method is also used to achieve the effect
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of training multiple individual models through one single training process, thereby

improving the model’s robustness against data perturbations.

Dual-Pathway ResNet and Spatiotemporal Attention: To overcome the per-
formance bottlenecks caused by inherent structural limitations in existing models, we
propose ResTCN-DAM, a novel architecture built upon the enhanced ResNet Plus frame-
work featuring dual residual block pathways and dense shortcut connections. This design
effectively mitigates the degradation problem by optimizing information flow in deep
networks, thereby enabling consistent performance gains as model depth increases.
Furthermore, the conventional attention mechanisms, which typically focus on a single
dimension, are extended to both the temporal and spatial dimensions. Leveraging CD
and CI strategies, the proposed multidimensional DAM module can simultaneously and
explicitly model the interdependencies between features in different dimensions, thereby

selectively emphasizing critical features while suppressing irrelevant ones.

Bidirectional Recurrent Architecture and Temporal Shortcuts: The STResBi-
GRU framework is developed in response to the limitations of recurrent-based neural
networks in modeling long-term dependencies within sequences. Its backbone incorpo-
rates the redesigned BiGRU architecture that processes inputs in both forward and
backward directions, thereby capturing richer contextual information. To promote effec-
tive integration of the two directional branches, the spatiotemporal attention module
DAM is embedded into the architecture. Moreover, temporal shortcut connections are in-
serted between GRU cells to enable lossless transmission of information across time steps,

which effectively mitigates the vanishing gradient problem in the temporal dimension.

Multi-Lead-Time Forecasting Based on State Space Model: To ensure tem-
poral robustness in multi-step forecasting scenarios, ResBi-Mamba Plus is proposed
to maintain leading performance across varying forecasting horizons. This framework

introduces the advanced Mamba-2 into fine-grained hourly runoff forecasting for the first
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time. Mamba-2 inherits the dual attributes of convolution and recursion from SSM while
preserving parallel processing capability and linear complexity. These properties enable
its seamless integration with bidirectional architecture and facilitate the construction of
deep networks to enhance long-sequence modeling. Experimental results demonstrate
that ResBi-Mamba Plus achieves superior multi-lead-time forecasting performance,

significantly outperforming existing mainstream models.

Interpretable Forecasting Process: The excessive emphasis on complex model
architectures and predictive accuracy often comes at the expense of transparency in the
forecasting process. To address this concern, this thesis incorporates a model-specific local
post-hoc explanation technique grounded in IML. Specifically, the temporal attention
weights of the multidimensional attention module DAM are visualized in the form of
heatmaps. The visual analysis confirms that the patterns learned by the model align
with human cognition and objective principles, thereby significantly enhancing the

interpretability of the proposed forecasting framework.

7.2 Future Research

Our future research will focus on the following key directions:

Multimodal Data Fusion: The data used in this thesis is derived from single-modal
historical time series. In future research, we plan to incorporate multimodal data at
the model input stage by integrating diverse types and sources of information, such as
satellite remote sensing, meteorological radar observations, and various forms of external
prior knowledge. Multimodal forecasting is expected to compensate for the limitations
of single-source data and enhance the model’s robustness and generalization capability
by leveraging richer and comprehensive information. From the engineering perspective,

multimodal data fusion offers significant potential for real-world applications. In oper-
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ational hydrology and environmental management, assimilating diverse data streams
in near real time can enhance predictive accuracy, improve robustness to missing or
noisy measurements, and support scalable, automated forecasting systems for practical

deployment.

Global Feature Interpretation: The interpretability analysis conducted in this
thesis is currently limited to model-specific local explanations. In future work, we plan to
extend the current interpretability methods by incorporating advanced IML techniques
such as LIME and SHAP. These approaches will enable model-agnostic global interpre-
tations from the perspective of feature contributions, offering a more comprehensive

understanding of the forecasting process.

General-Purpose Time Series Forecasting: Apart from the hydrological domain,
time series forecasting plays a critical role in numerous real-world applications. A key
focus of our future research is to enhance the cross-domain generalization capability of
the proposed model, thereby enabling the high-performance multi-lead-time forecasting
framework to be effectively applied to various tasks such as high-resolution financial
market forecasting, patient health monitoring in healthcare, and energy consumption

trend forecasting.
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