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ABSTRACT

Hydrological modeling has been widely used to predict the response of a hydrologic

system to changing drivers in short to long terms, thus providing quantitative

decision-making support for strategic planning and adaptation policies development.

Despite advancements in hydrological modeling, challenges remain for improving the

quality and realism of hydrologic predictions. Machine Learning (ML), known for its

proficiency in extracting patterns from large datasets, has attracted interest within the

hydrology community and has been applied to tackle various challenges in predicting the

hydrologic cycle over the past few years.

This dissertation focuses on the enhancement of hydrologic models through ML and

evolving datasets, with the goal of improving their accuracy and utility. The first part

addresses the issue of missing or inadequately represented components in the existing

large-scale hydrologic models. Taking the simulation of regulated flow conditions as an

example, the study presents a hierarchical temporal scale framework for all data-driven

reservoir release models, enabling more effective use of limited data sources and ensuring

that practical significance aligns with model configuration. The second part addresses the

computational challenges associated with model parameterization. The development of an

ML-based surrogate model expedites the parameter estimation and calibration, particularly

for those properties that may vary over time and require the adoption of dynamic

parameterization. Satellite-derived vegetation interannual variability serves as a case study

in this dissertation, illustrating how the dynamic nature of vegetation can influence

hydrologic responses. From the perspective of hydrologic modelers, these two parts of work

enhance the hydrologic model’s realism by improving both its representation and

parameterization, respectively. For water managers, a combination of surrogate model and

the reservoir operation module enables integrated reservoir management modeling under

different climate projection scenarios. Building upon the insights gained from the first two
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parts, the last part shows such application to translate hydrologic and climatic data into

actionable strategies for water management. Utilizing 21 federal reservoirs in Texas as a

case study, this part offers a framework for stakeholders to assess the effectiveness of

current reservoir operation policies under future climate scenarios through the interactions

among hydroclimatology, reservoir infrastructure, and operation policy.
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Chapter 1

INTRODUCTION

1.1 Background and Motivation

Hydrologic models and data serve as the backbone for sustainable water management

(Jakeman et al., 2006; McMillan et al., 2018; Ward et al., 2019; Hadjimichael et al., 2023).

Hydrologic models, by quantifying hydrologic fluxes (e.g., precipitation, evapotranspiration,

interception, infiltration, runoff) and states (e.g., soil moisture, snow water equivalent),

enable water availability estimates, risk assessment of floods and droughts, and strategic

planning and adaptation policies development (Brown et al., 2015; Samaniego et al., 2019).

Hydrologic data provide observations into hydrologic processes, ensuring models’ fidelity

to real-world scenarios. Hydrologic models and data are fundamentally interconnected.

Models are grounded in physical laws that are themselves intrinsically derived from

observations, and evaluated and constrained against observations; concurrently, models

function as interpolators, adeptly bridging gaps in our observations, which are typically

limited to specific variables and frequently sparse both spatially and temporally (Gettelman

et al., 2022). In a changing future where the assumption of stationarity in climate and

hydrological systems may become untenable, models require ongoing validation and

updating, synthesizing new observations to maintain their realism and adapt to these

changes (Milly et al., 2008b; Van Dijk, 2011). Therefore, the seamless integration of

hydrologic models and data is not just essential for understanding the hydrologic system but

also critical for adapting modeling approaches to the evolving climate, thereby facilitating

informed and responsive decision-making.

Surging models and data may overwhelm hydrologic forecasting and prediction systems.
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Over the past few decades, substantial advancements in computational power, along with a

deeper understanding of the underlying mechanism of hydrologic systems, have propelled

the development of increasingly sophisticated hydrologic models (Liu and Gupta, 2007).

The advent of advanced satellite, airborne, and ground-based remote sensing has led to a

dramatic surge in hydrologic data repositories (Butler, 2014; Chen and Wang, 2018). This

proliferation of models and data, while marking significant progress, brings forth a unique

set of challenges for improving the quality and realism of hydrologic predictions.

A central challenge lies in the paradox of abundance: on the one hand, there exists a

surplus of models that, despite their quantity, consistently fall short of accurately capturing

some key responses, indicating insufficient scientific understanding of hydrologic dynamics

(Clark et al., 2011). For instance, some processes involved with anthropogenic factors that

alter the hydrological regimes, are missing or inadequately represented in the current

hydrologic modeling. This shortfall is not due to a lack of models but stems from

fundamental limitations, such as the scarcity of observations and the complexity of

quantitatively characterizing human impacts on the hydrology system, which may hinder

the quality of seasonal forecasts and the usability of the climate projections (Haddeland

et al., 2006; Samaniego et al., 2019; Singh and Basu, 2022). On the other hand, there is an

overwhelming accumulation of data that, ironically, has not been effectively assimilated and

comprehended to enhance these models (Reichstein et al., 2019). The challenge highlights

the need for leveraging a large amount of data to fill critical gaps in existing models,

especially in the representation of human-water interactions.

The second major challenge is the computationally demanding process of hydrologic

model parameterization, which is further complicated by the intricacy of sophisticated

models and the vastness of the datasets involved. Process-based distributed hydrologic

models put forward high requirements for parameterization to serve accurate predictions,

commonly involving resource-intensive computational efforts (Boyle et al., 2000). Limited
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computational resources may impede the process of parameter estimate and calibration.

Hydrologic parameters can be categorized into two types: physically significant,

measurable parameters (e.g., Leaf Area Index) and empirically derived parameters (e.g., the

Clapp and Hornberger “B” soil parameter to determine hydraulic conductivity) (Clapp and

Hornberger, 1978). The parameters with physical meaning could be estimated using remote

sensing datasets. Nevertheless, the availability of various remotely sensed datasets means

that integrating satellite-derived spatiotemporal parameter information into hydrologic

models, as well as comparing and selecting the optimal products, becomes more

time-consuming and labor-intensive. Parameters that are either physically meaningful but

challenging to measure (e.g., many subsurface properties), or those that are empirically

derived, are typically determined through parameter calibration and regionalization. The

calibration process involves adjusting the model parameters at each location to minimize the

discrepancies between model outputs and observational data, which requires thousands of

model iterations for calibrating a relatively small set of parameters (Tsai et al., 2021).

Additionally, the necessity for model recalibration upon updating parameter information

introduces further complexity, often constrained by high computational expenses. To

overcome these challenges, a tool that accelerates model parameterization is required, one

that strikes a balance between accuracy and computational efficiency.

Another key ongoing challenge arises from quantifying the potential impacts of climate

change on existing water infrastructure and operational strategies and devising effective

risk mitigation approaches. There is a pressing need for managers to continually adapt

and refine their understanding in response to evolving climate projections. For instance,

the Coupled Model Intercomparison Project, a framework for upgrading knowledge of

climate change, has undergone significant developments, from Phase 3 (CMIP3) starting

in 2000, Phase 5 (CMIP5) in 2006, to Phase 6 (CMIP6) in 2015. Notably, CMIP3 was

marked by a higher underestimation of warming trends, while CMIP5 is more in line
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with the observations (Carvalho et al., 2022), and CMIP6 has offered projections with a

narrower uncertainty margin over Northern America (Martel et al., 2022). This progression

towards more realistic climate projections underscores the critical need for water managers

and stakeholders to continually refresh and update their perspectives on climate dynamics.

Crucially, these updates are expected to be integrated into hydrologic modeling, along with

advancements in land surface processes understanding (e.g., more accurate representations

of human regulations and vegetation dynamics). Such integration can enable effectively

translating broad-scale atmospheric processes, typically modeled at resolutions of hundreds

of kilometers, into detailed, node-based analyses at a finer scale, ensuring that water

management strategies remain effective and responsive to the latest scientific understanding.

Recent advances in statistical modeling and Machine Learning (ML) present exciting

new opportunities for enhancing hydrologic modeling in the context of climate change

(Reichstein et al., 2019). ML, for example, excels at extracting quantitative patterns or

modes from large datasets, effectively supplementing model components that have highly

uncertain process formulations and are challenging to represent accurately with a physical

process-based perspective (Xu and Liang, 2021). A notable instance of this is the two-way

feedback between human and water systems (Meempatta et al., 2019). Additionally, ML

leverages advancements in computing technology (e.g., Graphical Processing Units) to

facilitate rapid diagnosis and accelerate model calibration, which could substantially reduce

the computational load involved in parameter estimation and uncertainty quantification (Xu

and Valocchi, 2015; Xu et al., 2017). Building on these advancements, ML is poised to

play a crucial role in assessing the impacts of climate change on existing water management

practices and offering actionable insights for decision-making (Ehsani et al., 2017; Secci

et al., 2023).
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1.2 Objectives

The overarching goal of this dissertation is to harness the power of ML to enhance

the accuracy and utility of hydrologic modeling, thereby facilitating informed

decision-making in surface water resource management amidst changing climate

conditions.

To realize this goal, the research is structured around specific tasks:

1) Inferring the multi-scale representations of human regulations on streamflow from

the observed reservoir operation data records. This task is designed to enhance large-scale

hydrologic models by effectively utilizing information across multiple temporal scales,

derived from the available timeseries data.

2) Incorporating satellite-derived vegetation interannual variability into land surface

models (LSM). This involves building an ML-based tool aimed at streamlining parameter

calibration and facilitating data fusion within LSMs.

3) Building upon the insights gained from the first two tasks, the final task involves

devising a flexible framework. This framework enables assessing the impacts of climate

change on existing water infrastructure and operational strategies and identifying

opportunities for reoperation in the context of a changing climate.

Through these specific tasks, this dissertation will demonstrate the integration of

data-derived insights through ML to fill missing modeling components, expedite model

parameterization, and convert these findings into practical, actionable strategies in water

resource management.

1.3 Organization of the Dissertation

The rest of this dissertation is organized into four main parts, each aligning with the

stated objectives and tasks. Chapter 2 introduces a novel framework designed to enhance
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the representation of regulated flow conditions by capturing multiple temporal scales of

information. It hypothesizes that incorporating this multi-temporal information will improve

the simulation of regulated flow conditions. This hypothesis is tested across more than

300 cases within the contiguous United States (CONUS). This chapter was previously

published by Water Resources Research (Longyang and Zeng, 2023a). In Chapter 3, a

ML-based surrogate model is developed to replicate the physics of LSM. This model

facilitates parameter calibration and data fusion. By integrating satellite-derived vegetation

dynamics that vary annually into the LSM (or its surrogate), the chapter uses the Upper

Colorado River Basin (UCRB) as a case study to demonstrate the importance of considering

vegetation variability in water and energy budget estimates, especially for assessing climate

change impacts on the water cycle. Chapter 4 builds on the findings from Chapters 2 and 3. It

proposes a flexible framework that utilizes the calibrated hydrologic model (or its surrogate)

and data-driven regulated flow model to investigate the impact of climate change on flow

regulations. It also explores modifications in water management strategies. The chapter

employs Texas reservoirs as test cases to illustrate the translation of climate information into

actionable strategies using ML. Finally, Chapter 5 concludes the dissertation by summarizing

the key findings, particularly focusing on the role of ML in enhancing hydrologic modeling.

It also discusses the broader implications of this work and offers recommendations for future

research directions.
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Chapter 2

INFERRING MULTI-SCALE HUMAN REGULATIONS ON STREAMFLOW FROM

OBSERVED RESERVOIR OPERATION DATA

2.1 Introduction

Anthropogenic activities, such as reservoir operation (Biemans et al., 2011; Döll et al.,

2009; Haddeland et al., 2006; Zeng and Ren, 2022; Zhao et al., 2021), urbanization (Li

et al., 2020; Oudin et al., 2018), and large-scale irrigation (Condon and Maxwell, 2019;

Ferguson and Maxwell, 2011; Siebert et al., 2010), have become increasingly important

or even dominant driving forces of hydrologic processes in many watersheds over the

world. In these watersheds, the streamflow observed at gauging stations represents the

interaction between hydrologic and anthropogenic driving forces, rather than the “natural”

or “unregulated” flows simulated in hydrologic models (Blair and Buytaert, 2016; Clark

et al., 2015). Reservoirs are one of the key water infrastructures that directly regulate the

streamflow timing and variability to fulfill various purposes including flood control, water

supply, hydroelectricity generation, navigation, and fluvial ecosystem services (Boulange

et al., 2021; Ehsani et al., 2017; Forsberg et al., 2017; Lehner et al., 2011; Moran et al.,

2018; Ortiz-Partida et al., 2016; Patterson and Doyle, 2018; Simonovic, 1992). In the US,

the National Inventory of Dams reports that there are more than 90,000 reservoirs (defined

as equal or exceed 25 feet in height and exceed 15 acer-feet in storage, or exceed 6 feet in

height and equal or exceed 50 acer-feet storage) regulating the streamflow (DeNeale et al.,

2019). These reservoirs altogether store freshwater resources equivalent to 1 year’s average

natural runoff (Graf, 1999), generates about 6.3% of total electricity and 31.3% of renewable

energy production (Energy Information Administration, 2022), and protect hundreds of
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millions of populations from flooding. Meanwhile, the current reservoir operation policies

are challenged by shifting flow conditions under climate change (Boulange et al., 2021),

elevated risks due to aging infrastructure (Lane, 2007), increasing demand for water supply

reliability, and the need for aquatic habitat restoration (Palmer and Ruhi, 2019; Tonkin et al.,

2018). Understanding how reservoirs are operated and their interaction with hydrologic

cycle is vitally important for assessing the reliability and risks of reservoir functioning

(Brekke et al., 2009), designing adaptation strategies for future climate (Ho et al., 2017), and

mitigating the tradeoffs among conflicting operation targets (Chen and Olden, 2017; Giuliani

et al., 2021; Suen and Eheart, 2006) to achieve sustainable water resources management.

Reservoirs are decision hubs that integrate the complex feedback between hydrologic

variability and operational targets under various constraints, such as reservoir inflow, water

storage capacity, hydroelectricity generation requirement, and competition among different

operation purposes. Challenges remain in modeling the reservoir release decisions, which

often involve complex and undocumented decision processes. Often, reservoir operation

guidelines are based on predefined rule curves (Klipsch and Hurst, 2007; Yates et al., 2005),

which determine release decisions based on water availability, which in turn, depends on

inflow and storage (Chen et al., 2022a,b). However, many reservoirs are actively managed,

where the flow releases are determined by reservoir managers to account for the complex

tradeoffs among different operation targets. This complicated decision-making process

often cannot be described with simple operation rules. In addition, observations on reservoir

operation (e.g., reservoir water level and release) are very limited due to the complex

ownership and regulations.

As a result, reservoirs, as coupled natural-human systems (Liu et al., 2007), are not

adequately represented in current hydrologic or hydraulic models. Compared to natural

hydrologic processes that can be expressed by physical relationships, it remains unclear

how reservoirs are operated to regulate streamflow, as observations on reservoir operation
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(e.g., reservoir water level and release) are very limited due to the complex ownership

and regulations. For example, the National Water Model is able to predict streamflow for

over 2 million reaches in the US, while a limited number of reservoirs are simulated by a

simple level pool routing scheme (Gochis et al., 2018; Khazaei et al., 2021) where reservoir

releases are passively determined by reservoir water level and spillway characteristics

based on hydraulic laws (e.g., weir flow equations). However, the releases from actively

managed reservoirs, which are crucial infrastructures involving multiple stakeholders and

with significant downstream impacts, are regulated by gates and determined by reservoir

managers based on a range of real-world constraints and trade-offs.

Traditionally, reservoir operation rules have been derived using optimization techniques.

These models aim to determine optimal releases to achieve predefined objectives (such as

minimizing flood risk or maximizing water supply reliability) under various constraints (such

as reservoir storage capacity and allowable downstream release). However, actual reservoir

release usually deviates from the optimized prescription due to several limitations. First, the

theoretical optimal reservoir releases are obtained under a small set of predefined objectives

and constraints, which often do not capture the full spectrum of real-world operation

conditions (Giuliani et al., 2021). Second, reservoir characteristics (storage capacity vs.

water level relationship) or streamflow regime may be different from the conditions when the

optimal operation rule was derived. Third, optimization models assume perfect streamflow

predictions or a known streamflow prediction uncertainty, but it is not necessarily the

case that streamflow prediction is available for operational purposes and whether reservoir

managers utilize the streamflow prediction during the decision-making processes (Zhao et al.,

2011). Therefore, with these deviations from assumptions, optimization model-derived

reservoir operation rules may provide valuable normative solutions for the large-scale

hydrologic and water resource model, but often fail to yield satisfactory results for predicting

streamflow downstream of reservoirs.
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Data-driven models (DDMs) offer a promising alternative to derive reservoir operation

rules from historical records of hydrologic and reservoir data (Aboutalebi et al., 2015;

Hipni et al., 2013; Lin et al., 2006; Turner et al., 2020a,b; Wei and Hsu, 2008; Yang et al.,

2017; Zhang et al., 2018; Zhao and Cai, 2020). Recent studies have demonstrated the

capability of various machine learning techniques in capturing reservoir release decisions

(Chen et al., 2022a,b; Coerver et al., 2018; Dong et al., 2023; Gangrade et al., 2022; Mateo

et al., 2014; Yassin et al., 2019). The rationale is straightforward: if a manager determines

the reservoir releases based on some principles (either empirical or optimal) depending on

hydroclimatic variation, DDMs can recover the patterns of operation from the reservoir

records and other hydroclimatic variables. In addition, compared to optimization models,

DDMs are computationally efficient and readily coupled with hydrologic and hydraulic

models. The primary motivation behind this chapter is to contribute to the development

of simulation strategies that can enhance the representation of reservoirs in regional or

national-scale hydrological models, such as the National Water Model.

This chapter hypothesizes that reservoir operation patterns vary across time scales, thus

requiring a hierarchical temporal scale configuration of DDMs. First, reservoirs usually

have multiple operation purposes that require decisions made at different time scales. For

example, daily or hourly release decisions are made for hydroelectricity generation based

on the demand from power grids, while the reservoir storage for agricultural water supply

exhibits a slow-varying seasonal pattern. Even for reservoirs with one primary operation

purpose, hydroclimatic variabilities at different time scales may lead to different operation

decisions. A reservoir designed for flood control may be actively operated only during

wet seasons to mitigate floods, and the storage may remain relatively stable during dry

seasons. Second, release decisions for different operational purposes are made based on

different information that changes with time scales. For example, flood control decisions

may depend on current reservoir water level and streamflow forecast with leading time up to
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several days, while water supply reservoirs may ignore the short-term streamflow variability

and focus on hydrologic seasonal dynamics such as snowpack. Third, operation decisions

made at different scales interact with each other. The flood control hourly operations during

a high flow event may be constrained water level set by seasonal water supply targets;

flood control operations, in return, determine initial water level for water supply release for

the next decision period. Based on these observations, capturing the reservoir operation

decisions across time scales is essential to accurately represent the anthropogenic regulation

on streamflow variability.

Despite significant progress in data-driven reservoir modeling, current approaches

typically rely on a single time scale for operations, with limited exploration of frameworks

that account for multi-timescale interactions. For instance, Zhang et al. (2018) assessed the

performances of various DDMs with different time resolutions (e.g., hourly, daily, and

monthly) for Gezhouba Dam, while neglecting the interactions of decision-making

processes across time scales. Yang et al. (2021) provided a comprehensive comparison of

different DDMs to simulate the daily reservoir outflow over the Upper Colorado Region

using the daily inflow, storage, and calendar time as model inputs, which did not completely

include decision variables at monthly scales. Turner et al. (2020b) built a daily scale DDM

for reservoirs in the Columbia River basins with seasonally varying relations that specify

water release as a function of prevailing storage levels and forecasted future inflow.

However, this approach is based on pre-assumed linear piecewise relations to represent the

seasonality, which still needs to be specified based on the modeler’s assumption. While

single-scale models may adequately serve the needs of reservoir operators, investors, and

decision makers for simpler reservoir systems, multi-objective reservoirs and

multi-reservoir systems demand greater attention to the full range of timescales for

improved reservoir operation modeling. The study conducted by Hejazi et al. (2008) using

weekly/monthly datasets revealed that the importance of hydrologic indicators vary across
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seasons and purposes (i.e., flood control, water supply, hydropower, and irrigation) for

reservoirs located in California and Great Plains regions. It highlighted the interdependence

between decision variables, purposes and time scales in reservoir operations. The

time-varying sensitivity analysis at daily scale for a multi-reservoir system in the Red River

Basin further illustrated that effective operating policies adapt the utilization of information

over time while coordinating it across multiple reservoirs (Quinn et al., 2019). The

challenges arise when simulating regulated flow downstream of such complex reservoirs. A

general and flexible framework is needed, which can effectively simulate the reservoir

release decisions and capture trade-offs among multiple reservoir operation objectives, as

well as the interactions between hydroclimatic conditions and human decisions across

various time scales. Furthermore, this framework is expected to be readily compatible with

large-scale hydrologic and water resource management models.

This chapter develops a hierarchical temporal scale framework to model reservoir

operation decisions across various time scales. The proposed framework exhibits generality

in several aspects: (a) it does not require prior knowledge of reservoir operation objectives;

(b) it supports the implementation of diverse data-driven modeling techniques; and (c)

it utilizes commonly available datasets for training the machine learning models. The

framework has the flexibility to (a) use time scale-specific inputs for DDMs to learn reservoir

operation behaviors pertinent to each time scale and (b) enable decisions at different time

scales to interact with each other. This chapter demonstrates the framework with a two-layer

configuration, at monthly/weekly and daily scales, respectively. The framework is validated

using the daily operational records of 327 major reservoirs in the United States regulated

by the United States Army Corps of Engineers (USACE) and the United States Bureau of

Reclamation (USBR). These reservoirs cover a wide spectrum of hydroclimatic conditions,

reservoir characteristics and operation purposes, therefore can examine the robustness of

the proposed hierarchical temporal scale framework. The monthly-/weekly-scale DDM
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learns reservoir decisions unaffected by short-term variability and provides constraints for

the daily scale model which captures the event-scale operation rule that deviates from the

monthly/weekly average. This framework is flexible to incorporate additional temporal

layers (such as at hourly or seasonal scales). This chapter further evaluates which variables

are dominant for reservoir operations across various time scales and investigate the tradeoff

between training variables and modeling temporal resolution in representing reservoir

decisions.

2.2 Methods

2.2.1 Hierarchical Temporal Scale Configuration of Data-driven Models (DDMs)

This chapter models reservoir release schemes at each temporal scale (e.g., daily, weekly,

monthly) collectively under a set of hydroclimatic explanatory variables (e.g., streamflow,

precipitation). The raw daily time series is separated into a coarse time-scale average

(i.e., monthly as illustrated in the example in Figure 2.1) and a fine-scale “deviation.” The

“deviation” ŷ(D) between the daily scale release y(D) from the monthly scale release y(M) is

defined as

ŷ(D) = y(M)− y(D) (2.1)

The “deviation” ŷ(D) includes (a) true signals (systematic bias or structured error)

resulting from fine time scale reservoir release deviating from a coarse time scale operation

(e.g., operation for daily release for flood control constrained by monthly water storage target

for water supply) and (b) unstructured random error (e.g., Gaussian type random noise from

measurement error). This chapter hypothesizes that the structured error between different

time scales of observed releases contains information that is not adequately represented at

a single time scale, which can be effectively modeled using a hierarchical approach. For
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example, the author finds that temporal autocorrelation of the deviations of reservoir releases

between daily and weekly/monthly scales exists in most of the reservoirs, probably indicating

that relying solely on monthly/weekly averages may not fully capture the intricacies of

reservoir release dynamics. This chapter utilizes coarse-scale averages as a source of

long-term information to compensate for the limited forward-looking capacity of fine-scale

limited time steps.

DDM(Monthly)

DDM(Daily)

Monthly scale 

inputs 㲉⑌ெ⑍

Daily scale 

inputs 㲉⑌஽⑍

Monthly release

㲤⑌ெ⑍

Daily release deviation

ෝ㲤⑌஽⑍ ᩛ 㲤⑌ெ⑍  㲤⑌஽⑍

㲤⑌஽⑍ ᩛ 㲤⑌ெ⑍ ᩟ ෝ㲤⑌஽⑍

Daily release

Hierarchical DDM 

Figure 2.1: The hierarchical temporal scale framework with two layers shown for illustration.
The top layer uses a monthly Data-driven model (DDM) to simulate monthly averaged
releases (y(M)), and the subsequent bottom layer uses a daily DDM to simulate the daily
deviation ŷ(D), or the difference between daily y(D) and monthly averaged y(M) releases.

The hierarchical temporal scale framework (shown in Figure 2.1) consists of multiple

layers, where each layer has a DDM to learn the reservoir operation rules at the corresponding

time scale (e.g., monthly, weekly, and daily). The configuration starts from the upper layer

corresponding to a coarse time scale (i.e., monthly/weekly in this chapter) to capture the

reservoir operation behaviors under slow-varying targets (e.g., storing water for growing

season irrigation supply). Historical hydroclimate and reservoir records are aggregated into

monthly/weekly time series to train a DDM. The lower layer refines the model to a fine
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time scale (i.e., daily scale in this chapter), and a second DDM is trained to simulate the

“deviation,” defined as the difference between the fine-scale release and release simulated by

the coarse time scale DDM. The deviation characterizes short-term deviations from release

determined under long-term operation targets and may be caused by gaps between planned

and actual situations and complicated tradeoffs between various purposes served in different

periods. It is worth noting that the deviation ŷ(D) could be defined as the differences between

observed releases at a coarse and a fine scale. The difference lies in the fact that the former,

which defines the target deviation ŷ(D) as the difference between the observed daily release

and simulated monthly/weekly release, to some extent, resembles the concept of a boosting

algorithm, where the model is improved through the combination of multiple weak models

to form a strong model, whereas the latter purely integrates multi-timescale information to

generate the target fine-scale release. The effects of the two are considered equivalent when

the model in the first layer is able to accurately predict the target release at the coarse scale.

The hierarchical configuration of the framework is flexible to add layers as needed to

represent operation decisions at coarser (e.g., seasonal) or finer time scales (e.g., flood control

release or hydroelectricity generation under power grid demand) if reservoir operation record

is available. In addition, the hierarchical framework allows models at each time scale to

take different training variables since different operations decisions may depend on different

information. For example, the operation for irrigation water supply may mainly depend on

the crop water demand during the growing season, while the operation for flood control may

depend on the current reservoir water level and upstream flow predictions for the next few

days. By learning the deviations between water release at fine time scale and the coarse

time scale average, the DDM can capture the interactions of operation rules at different

time scales and represent the tradeoffs between various operation targets. For example, the

release for flood control may be dependent on the current reservoir water level, which is

affected by the storage target for water supply determined 1 month ago. The reservoir water
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level after flood control release may further affect water supply decisions in future time

steps. Therefore, the deviation between two layers (i.e., two temporal scales) may represent

the tradeoffs between various operation targets.

Two distinct strategies can be employed to train the DDM in each layer: “iterative”

and “detached.” The iterative strategy enables concurrent updates to all temporal layers

throughout the model training process. For neural network-type models such as Multi-Layer

Perceptron and Recurrent Neural Networks (RNN), a loss function that spans all temporal

scales or multiple loss functions for each temporal scale can be defined, and weight updates

are executed in each training epoch. The detached approach involves a simple arithmetic

summation or weighted aggregation of the outputs from all layers to generate the final

simulations. This chapter uses the iterative strategy to train the DDM.

2.2.2 Hydroclimatic and Reservoir Data

This chapter applies the proposed framework to 248 reservoirs operated by the USACE

and 79 reservoirs operated by the USBR across the Contiguous United States (CONUS).

These reservoirs are generally actively managed reservoirs with multiple designed purposes.

The standardized database for historical daily reservoir levels and operations of USACE

reservoirs is developed by (Patterson and Doyle, 2018), while that of USBR reservoirs is

accessed via Reclamation Information Sharing Environment. The author sources some data

from ResOpsUS, a comprehensive data set on historical reservoir operations in the United

States that was recently published by (Steyaert et al., 2022). These observed records include

daily reservoir water elevation (feet, ft), storage volume (acer-feet, af), inflow (cubic feet

per second, cfs), and release (cubic feet per second, cfs) for each reservoir, with different

record lengths and intermittent gaps in the middle of the record due to data collection issues.

All reservoirs with continuous records are included in this chapter. For some reservoirs

with missing data during only a short period of time (less than 5 days), the nearest neighbor
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interpolation method is applied to fill in these gaps to obtain a continuous record. Overall,

the continuous records have an average length of 30 years.

The reservoir release data is used as target (response variable) to train and test the

DDMs, and water storage volume, reservoir inflow records and hydroclimatic data are

used as inputs. The daily-scale meteorological forcing, including total precipitation rate

(P, mm/day), potential evapotranspiration (PET, mm/day), and air temperature (T, ◦C) are

obtained from the North American Land Data Assimilation System forcing (Xia et al.,

2012). The hydroclimatic data are averagely aggregated over the catchment area upstream

of the reservoir to encapsulate the local weather information relevant to reservoir operation.

Specifically, the PET represents atmospheric demand for reservoir evaporative loss, which

is substantial for reservoirs in arid and semi-arid regions (Friedrich et al., 2018). The

P may reflect the local runoff contribution to the reservoir, while the reservoir inflow

represents the runoff from the larger upstream contributing area. The difference between

P and PET captures the crop irrigation water demand (Le Page et al., 2021), which may

provide important information for reservoirs with irrigation water supply purposes. The

gridded snow depth (SD, mm) data retrieved from Broxton et al. (2019) is aggregated

over the catchment area upstream of the reservoir to account for changes in snowmelt

contributions over time. Depending on the specifics of a given reservoir, other information

(e.g., hydroelectricity generation) can also be fed into DDMs as inputs.

2.2.3 Experimental Setup

Three groups of experiments are carried out to assess the performances of data-driven

reservoir operation models with (a) under different time scale configurations and (b) different

combinations of input variables (Table 2.1). The experimental setup is summarized in Table

2.1. The first group of experiments simulate reservoir release solely on a single daily scale

(i.e., daily inputs are employed to model the daily release). This strategy is commonly
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implemented in existing machine learning based reservoir models. The other two groups of

experiments adopt a two-level hierarchical time scale configuration. The second group of

experiments receives weekly-average input variables in the first layer to generate weekly

average release, and then use daily inputs to model the deviation (difference between daily

release and weekly average) in the second layer, herein referred to as “Weekly-Daily (WD).”

Similarly, the third group of experiments simulates monthly scale reservoir release in the

first layer and refines reservoir release on the daily scale in the second layer, referred to

as “Monthly-Daily (MD).” On the daily scale, the author uses the 7 days in the past of

input variables to determine release on a given day. For the WD and MD models, the

coarse-resolution input variables of the past four steps (weeks or months) are used to derive

the release at the current time step, and the daily scale deviations are simulated with daily

input variables of the past 7 days. While inflow forecasts have been proven to strongly

influence seasonal reservoir operations, particularly for the high-elevation reservoirs fed

by snowmelt in the western United States Turner et al. (2020a), this chapter only uses the

observed records in the past time steps, since it is difficult to acquire the actual streamflow

forecasts for each reservoir in the historical period.

To explore the importance of each input variable for predicting reservoir operation at

various time scales, this chapter develops six experiments by varying the combinations of

input variables in the three groups (Table 2.1). In Experiment 1, daily observed reservoir

inflow (I), water storage (S), and hydroclimatic information (Met, including P, PET, SD,

and T) are all utilized to derive the release scheme. While other gain and loss terms in the

reservoir water budget (e.g., water diversion, seepage, and evaporative loss) are unavailable

for most reservoirs, the variables utilized in this chapter may contain information related

to these factors. For example, reservoir evaporative loss is related to PET and water

surface area, which in turn correlates with reservoir storage. Experiments 2 and 3 inputs

exclude reservoir storage and inflow, respectively to evaluate the importance of reservoir

18



Table 2.1: Experiments using data-driven models with different time scale configurations
and subsets of input variables, including inflow (I), storage (S), precipitation (P), potential
evapotranspiration (PET), snow depth (SD), and air temperature (T).

Time Scale Experiment Training variables

Daily (D) D-1 I, S, Met (P, PET, SD, T)

D-2 I, Met (P, PET, SD, T)

D-3 S, Met (P, PET, SD, T)

D-4 I, S

D-5 I

D-6 S

Weekly-Daily (WD) WD-1 I, S, Met (P, PET, SD, T)

WD-2 I, Met (P, PET, SD, T)

WD-3 S, Met (P, PET, SD, T)

WD-4 I, S

WD-5 I

WD-6 S

Monthly-Daily (MD) MD-1 I, S, Met (P, PET, SD, T)

MD-2 I, Met (P, PET, SD, T)

MD-3 S, Met (P, PET, SD, T)

MD-4 I, S

MD-5 I

MD-6 S

information. Meteorological information is hidden in Experiment 4 to assess the impacts of

meteorological forcing on reservoir release. Experiment 5 derives the release scheme only

from the observed inflow records. Experiment 6 explores whether the actual storage alone is

able to capture reservoir release decisions. It is noted that based on the specified subset of

inputs, DDMs will further infer the importance of these variables on predicting reservoir

releases via the training process. Results of these experiments will be used to guide further
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sensitivity analysis based on models.

In all the experiments, this chapter uses the Long Short-Term Memory (LSTM,

Hochreiter and Schmidhuber, 1997), as the DDM in each layer. As a powerful type of RNN,

LSTM can learn temporal dependencies in both long and short terms and has a wide range

of applications in hydrology and water resource management (Feng et al., 2020; Kratzert

et al., 2018, 2019; Shen, 2018; Sit et al., 2020; Xu and Liang, 2021; Yang et al., 2021;

Zhang et al., 2018). The internal calculations of the LSTM cell are expressed as

it = σ (Wxi · xt +Whi ·ht−1 +bi)

ft = σ
(
Wx f · xt +Wh f ·ht−1 +b f

)
gt = tanh

(
Wxg · xt +Whg ·ht−1 +bg

)
ot = σ (Wxo · xt +Who ·ht−1 +bo)

ct = ft ⊙ ct−1 + it ⊙gt

ht = ot ⊙ tanh(ct)

(2.2)

where Wxi, Wx f , Wxg, and Wxo are learnable weights of inputs xt , Whi, Wh f , Whg, and Who are

learnable weights of the previous hidden states , and bi, b f , bg, and bo are biases of the four

gates, respectively. σ means sigmoid function, tanh is hyperbolic tangent function, and ⊙

represents element-wise multiplication.

For the single-layer models (D1, · · · , D6), the LSTM model is trained by minimizing

the mean square error of daily release. For hierarchical time scale models (WD, MD),

this chapter utilizes the iterative training strategy as mentioned in Section 2.2.1 to gain the

optimal weights and bias. The two LSTMs are trained together by minimizing the mean

square errors of reservoir release at both time scales, then the optimal parameters can be

obtained by

min
θ

1
T

T

∑
t

(
y(1)t − ŷt

(1)
)2

+
1
T

T

∑
t

(
y(2)t − ŷt

(2)
)2

+
1
T

T

∑
t
(yt − ŷt)

2 (2.3)

20



where y(1)t and ŷt
(1) are the observed and simulated release at the monthly/weekly scales,

y(2)t and ŷt
(2) are the observed and simulated release deviations at the daily scale, yt and ŷt

are the observed and simulated release at the daily scale, θ represents the neural network

parameters. The data at the coarse scale is remapped to the daily scale by resampling to

ensure consistent lengths of data at both coarse and daily scales. Sixty percent of time

series data are used during the training process, 10% of them for validation, and the rest

for testing. The Adam optimizer (Kingma and Ba, 2014) is applied for primary training

and Stochastic Gradient Descent (SGD, Robbins and Monro, 1951) for finetuning. The

number of training epochs and number of hidden units are found through trial-and-error.

The learning rate during the pretraining process is 10−4 to 10−5 and the number of training

epochs does not exceed 100, while the learning rate schedule is more complex during the

finetuning process. Early stopping is implemented to decrease the probability of overfitting.

To ensure the fairness of subsequent comparisons, the total number of parameters for both

single-layer (D) and hierarchical time scale models (WD, MD) is constrained to be identical.

Specifically, the hidden size in the single-layer model is almost equivalent to the sum of

hidden size in all DDMs in the two-layer model. Concretely, this chapter sets the hidden size

of daily single models for all reservoirs as 10, 15 or 20 to avoid excessively complex DDM

models, ensuring that the maximum total number of parameters in single and hierarchical

models does not exceed 2,000. The hidden size in the first layer of the hierarchical models

is 5, 10 or 15, and that in the second layer is correspondingly adjusted. The Nash-Sutcliffe

Efficiency (NSE) (Nash and Sutcliffe, 1970) of daily reservoir release is used for assessing

model performance in all experiments. To mitigate random effects arising during training,

the author initializes and train the models with different random seeds, calculating average

performance metrics across the five trials. All the performances mentioned in the following

sections are NSEs evaluated on the test sets. It is noted that the multi-layer configuration is

flexible to use other data-driven algorithms.
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2.3 Results

2.3.1 Performance of DDMs with Various Time Scale Configurations and Input Variable

Combinations

Results from the three groups of experiments revealed noticeable differences in reservoir

release simulation accuracy when the models use various time scale configurations and

combinations of input variables (Figure 2.2). In experiments employing the same training

variables, DDMs at the daily scale are capable of simulating the dynamics of reservoir

release, and the two-layer hierarchical model (WD) exhibits consistent superiority over the

daily model (D) in terms of accuracy, as evidenced by the probability of NSE exceedance

across all reservoirs (Figure 2.2). MD configuration proves capable of outperforming the

daily single scale model in select cases, notably for the majority of reservoirs examined

in Experiments 2, 3, 5, and 6. In Experiment 1 with the most comprehensive input data

set, the median NSE for all reservoirs is 0.900, 0.831, and 0.872 for WD, MD, and daily

configuration, respectively. The WD configuration achieves NSE higher than 0.8 in more

than 88% of reservoirs, compared to 61% and 77% for the MD and D configurations,

respectively. The WD configuration generally outperformed the MD configuration in

most experiments. This may be attributed to the fact that weekly scale data provides four

times more information than monthly scale data, thereby enabling the DDMs to be trained

on more samples, even though both are resampled to the daily scale. Additionally, the

finer resolution of the weekly scale may more accurately capture the variability of release

decisions compared to the coarser monthly scale.

For all time scale configurations, reservoir inflow and storage are two key explanatory

variables for modeling release behavior in most reservoirs, as indicated by the marginal

performance gap between Experiments 1 and 4. With only reservoir inflow as model input

in Experiment 5 (Figure 2.2e), the median NSE reaches 0.655, 0.826, and 0.762 for daily,
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Figure 2.2: Probability of exceedance of Nash-Sutcliffe Efficiency (NSE) for all reservoirs
resulting from single and hierarchical time scale models with different decision variables
(Table 2.1).

WD, and MD temporal configuration, respectively. The inflow provides the most predictive

power in reservoirs with relatively small storage and/or navigation purpose, particularly

for run-of-river reservoirs located along the Columbia River or the Arkansas River, where

there is a strong linear relationship between inflow and release at daily scale and the impact

of storage can be negligible. Although the inflow-only models in Experiment 5 do not

explicitly consider reservoir states, the LSTM architecture is expected to use the “hidden

state” and “cell memory” to store accumulated inflow as a proxy for reservoir storage trend

and use this information to simulate reservoir releases. However, due to the lack of other

reservoir water budget terms such as water diversion, seepage and evaporative loss, the

accumulated inflow cannot fully replace reservoir storage. Therefore, it is not ideal for

a single time scale DDM to simulate the state of a reservoir system without storage as

an important constraint, especially for reservoirs in the west mountainous regions usually
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designed for water supply and hydropower generation. Because reservoir storage is closely

related to operational purposes, and its seasonal variations typically reflect the consequences

of human interventions on the natural system, storage volume (or water level) is strongly

recommended as an independent variable input into the reservoir operation model.

The DDMs with storage alone as input in Experiment 6 have slightly higher predictive

power compared to inflow-only models in Experiment 5 (Figure 2.2f) and produce median

NSE of 0.711, 0.873, and 0.787 for Daily, WD, and MD configuration, respectively. Using

storage as the model input captures operations of reservoirs with relatively large storage

capacity and/or reservoirs with water supply purpose where the release largely depends on

the reservoir water level. In addition, reservoir storage serves as a proxy for reservoir water

level and water surface area (both can be retrieved from the reservoir characteristic curve).

The reservoir storage together with PET may implicitly contain information regarding

reservoir evaporative loss, which is important in arid and semi-arid regions. Storage-release

rule curves are commonly used by reservoir operators (Yang et al., 2016), which cover the

seasonal patterns of reservoir operation but the interannual variability of inflow is likely

missing in such curves. At a monthly or seasonal scale, water control plans designed for

specific purposes or hydroclimatic conditions that influence the upstream flow rate may

exhibit low year to year variation within decades. At daily or sub-daily scale, however,

reservoir inflow can vary a lot due to emergency events or weather fluctuations, especially

for those reservoirs with complicated operational conflicts between multiple objectives

or climate-sensitive reservoirs (such as reservoirs in the New England regions faced with

potentially increasing flooding risks under the context of global warming). Although

actual rule curves implemented by reservoir operators could provide substantial information

to understand the decision-making process of water resource management, it does not

adequately represent the operation tradeoffs under various inflow conditions. Reservoir

inflow should be considered as a paramount input while building data-driven operation

24



models. Combining the inflow and storage in Experiment 4, the median NSE improves to

0.877, 0.902, and 0.836 for daily, WD, and MD temporal configuration, respectively.

The performance improvement from including hydroclimatic variables (e.g., P, PET,

SD, and T) is investigated by comparing accuracies of DDMs in Experiment 1 versus 4,

Experiment 2 versus 5, and Experiment 3 versus 6. When both inflow and storage are used

(Experiment 1 vs. 4), the improvement from additional hydroclimatic forcing is negligible

(mean NSEs increase no more than 0.05). For DDMs with only inflow (Experiment 2 vs.

5) or storage (Experiment 3 vs. 6), adding hydroclimatic information slightly enhances

the model performance, which is not unexpected as DDMs typically benefit from more

input information. Nevertheless, it may also underscore the potential of incorporating

hydroclimatic conditions in reservoir release modeling (Denaro et al., 2017), particularly in

regions where reservoir operation records are scarce.

2.3.2 Effect of DDMs Hierarchical Temporal Configuration on Capturing Reservoir

Operation Behavior

Figure 2.3 further illustrates the improvement of the hierarchical framework for reservoir

operation modeling and the nuances of such improvement with/without hydroclimatic

information at different time scales. Hierarchical temporal scale models work for some

cases, although they do not always perform better than the models constructed on the single

time scale under the same experiment settings. When one of the dominant explanatory

variables (e.g., inflow or storage) is missing, a better organization (i.e., hierarchical temporal

configuration) of the explanatory variables further enhances the performance. For example,

in Experiments 2, 3, 5, and 6, more than 60% of reservoirs benefit from re-arranging the

training data in hierarchical configuration (WD and MD) compared to the single daily

scale configuration, although the DDMs in this experiment contain the same amount of

information. This highlights the benefits of incorporating the multi-temporal scale of
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reservoir behaviors into the configuration of DDM to capture the reservoir operation under

various targets, in particular when hydrometeorological information or reservoir operational

records are limited.

Figure 2.3: Improvement of Nash-Sutcliffe Efficiency (NSE) by hierarchical time scale
framework (∆NSE = NSEhierarchical −NSEsingle) in (a) Experiment 1, (b) Experiment 2, (c)
Experiment 3, (d) Experiment 4, (e) Experiment 5, and (f) Experiment 6. NSEhierarchical
represents the performances of hierarchical time scale models (WD and MD), while the
NSEsingle is the performance of a single time scale model (D).

Regardless of the experimental settings, WD consistently outperforms another two-layer

hierarchical model MD in simulating reservoir release decisions. Specifically, in Experiment

6 (Figure 2.3f) with the reservoir storage only as model inputs, performances of about

80% of reservoirs have been improved by the hierarchical framework (WD), and it is more

prominent than the MD where the first layer simulates the reservoir release on the monthly

scale. It probably indicates that sub-monthly operational information and hydroclimatic

forcing, which shows significant short-term variability, may provide a substantial portion

of the information needed for accurate reservoir operation modeling. By incorporating
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information on moderate and fine time scales, WD DDM can well capture the complex

dynamics of reservoir operations and yield highly accurate predictions, which may help

inform the development of more effective and efficient reservoir management strategies in

the face of increasing hydroclimatic variability.

2.3.3 Spatial Pattern of DDM Reservoir Operation under Various Temporal

Configurations

Figure 2.4 shows the spatial distribution of average NSE improvement by WD and

MD from Daily configuration for all six experiments, respectively. When the dominant

explanatory variables (i.e., inflow and storage) are fed as model inputs (Experiments 1 and 4),

most reservoirs across the CONUS do not benefit significantly from the hierarchical temporal

scale framework (Figures 2.4a and 2.4d). This can be attributed to the fact that the daily

single model performs well for most reservoirs with a median NSE higher than 0.85 (Figures

2.2a and 2.2d), which demonstrates the efficacy of DDMs for reservoir release simulations.

When the most relevant variables are sufficiently represented in the data, additional methods

for regulated flow simulation refinement may not be necessary. Hierarchical models face

challenges in improving the accuracy of models for reservoirs that primarily serve a single

purpose or are predominantly operated at a single time scale. For instance, the hierarchical

time scale model does not improve and even degrades the release modeling of run-of-river

reservoirs. In the New England district, where many reservoirs have limited storage capacity

and are primarily used for flood control during flood seasons and recreation during non-flood

seasons, hierarchical models are less effective across all experiments (Figure 2.4). This

highlights the importance of identifying the appropriate modeling resolution to match the

time scale at which reservoir release decisions are made.

Hierarchical models send positive signals for reservoirs in the Midwest. The hierarchical

DDM improves NSE over Daily scale in many reservoirs in the western United States as
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Figure 2.4: Spatial distribution of average Nash-Sutcliffe Efficiency (NSE) improvement
∆NSE from Daily scale to hierarchical time scale configuration of Data-driven models in (a)
Experiment 1, (b) Experiment 2, (c) Experiment 3, (d) Experiment 4, (e) Experiment 5, and
(f) Experiment 6. The circles with black solid edges represent reservoirs labeled as “lock
and dam.”

28



shown in Figure 2.4, and the magnitude of improvement in model performance varies across

different experiment setups. For Experiment 1 and 4 that includes both inflow and storage

as model inputs, the average NSE improvement ∆NSE is subtle (about 0.1 0.25) for some

reservoirs in Montana, Utah, New Mexico and Texas (Figures 2.4a and 2.4d). It implies

that the hierarchical model is effective in capturing reservoir release behavior in western

regions, at least to a comparable degree as the daily single model. For Experiment 2 and 5

that do not contain storage fed into models, release simulations are boosted by hierarchical

temporal scale framework for reservoirs on the High Plains (e.g., Texas, Oklahoma, Kansas),

highlighting the signature of seasonal cycle of water supply operation in these reservoirs.

Reservoirs that provide water for agricultural irrigation or municipal/industrial use often base

release decisions on the water level or storage status. In situations where operational records

of storage are unavailable, comprehensive utilization of inflow data across various temporal

scales may serve as a compensatory mechanism. Many water-supply reservoirs maintain

nearly constant storage volume at the start and end of an operational year, resulting in a

nearly balanced inflow and release volume at a certain temporal scale (monthly, seasonally,

or annually). Thus, it becomes feasible to detect reservoir behavior when changes in inflow

over the preceding months or weeks are known. It would facilitate accurate estimates

of regulated flow regimes in the absence of readily available data sets on water level or

storage under future scenarios. In the case of reservoirs located in the Rocky Mountains

and the Colorado River basin, the hierarchical model consistently enhances the accuracy

of release modeling, regardless of whether inflow or storage is excluded as explanatory

variables (Experiments 2 and 5; Experiments 3 and 6). As stated in Section 2.3.1, inflow

generally reflects short-term variability or the effects of fine-scale weather fluctuations, while

storage represents the cumulative hydrologic response during past periods. The absence of

either of these dominant factors results in a loss of vital information for accurate release

modeling. Hence, the behavior of reservoirs in the west cannot be fully captured by DDMs
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at a single temporal scale. Among the observational records analyzed in this chapter, 216

reservoirs serve at least three purposes and 79 out of 327 serve at least five purposes. In

spite of accounting for multiple time scales may not be imperative for simpler reservoirs that

serve fewer purposes or operate under less complex conditions, it is crucial for effectively

modeling multi-purpose reservoirs and multi-reservoir systems.

In summary, the analysis indicates that reservoir release modeling can be enhanced

by leveraging the availability of adequate information, with particular emphasis on key

explanatory variables. The inclusion of meteorological forcing data may also be beneficial

for accurate simulation. In situations where the records of reservoir inflow or storage are

inaccessible, the comprehensive utilization of multiple temporal scales can lead to improved

modeling outcomes.

2.3.4 Dominant Variables of Reservoir Release across Time Scales

Although DDMs frequently achieve remarkable results in model performance, further

sensitivity analysis would help to diagnose and interpret the empirical relations captured

by the “black-box” DDMs. Different DDMs have individual strengths and weaknesses in

simulating the reservoir release, and few single models could consistently outperform others

(Yang et al., 2021). Performances of different DDMs can vary widely by the modeling

schemes, by the ways of training data structure, as well as by the statistical measurement

used. Model interpretability benefits further improvement in performance and providing

insights on anthropogenic behaviors under hydroclimatic variabilities. The hierarchical

configurations of DDMs allow us to explore whether reservoir operation depends on different

variables and how the dominant variables change across time scales, thus providing an

interpretable avenue to enhance the understanding of reservoir behavior.

A prevalent method for enhancing interpretability is to analyze variable importance.

Many approaches can be taken to assess feature importance of machine learning models.
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Wei et al. (2015) conducted a comprehensive review of various techniques for variable

importance analysis in different disciplines and analyze their relative merits. Recently,

Quinn et al. (2019) used time-varying sensitivity analysis to open the black box of

multi-reservoir operation models. Additionally, Shapley Additive Explanations (Lundberg

and Lee, 2017) and permutation feature importance (Breiman, 2001; Fisher et al., 2019)

have gained popularity in recent years. This chapter uses well-trained DDMs to conduct a

variable importance analysis that explores the impact of decision variables on reservoir

release schemes across different time scales. The author employes the permutation feature

importance method to measure variable importance, which involves randomly permuting

feature values in the input data and examining the effect on model performance, as

measured by a specific metric (such as NSE in this study). The extent of the decrease in

performance reflects the relative importance of the feature, with a greater decline in

performance indicating a more influential feature in the model. Then the variable that leads

to the largest change is referred to as the most important variable, or dominant factor.

Figure 2.5 displays the most important variable for each reservoir across CONUS on the

different time scales (daily, weekly, and monthly) of Daily, WD, and MD configurations in

Experiment 1 that contains all the variables (inflow, storage, precipitation, PET, SD, and

air temperature) as model inputs. For half of reservoirs (163 out of 327), the same variable

has critical influences on the release on all time scales (daily, WD-weekly, MD-monthly,

WD-daily, MD-daily), likely implying the consistency of their operating strategies and

trade-offs on various time scales, and there may be a primary purpose that dominates the

operation process throughout the year. For 120 of these reservoirs, inflow plays a decisive

role in reservoir release at all time scales, while storage volume is the most instructive

variable for 42 of these. Daily models with good performance (e.g., reservoirs labeled as

“lock and dam” along the Arkansas River and Columbia River) generally identify inflow

as the primary variable, as inflow exhibits high short-term variability and can effectively
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inform the daily release decision. Reservoirs located on the High Plains, where water level

is a crucial factor in release operations, consistently show storage as the dominant factor

influencing release decisions. The findings of variable importance in California and the

High Plains differ slightly from those reported by Hejazi et al. (2008) (e.g., many reservoirs

in these two regions reported by Hejazi et al., 2008 do not consider storage as the dominant

factor), who investigated the dependency of operators’ release decisions using the method

of information theory based on weekly/monthly operational records. It should be noted that

Hejazi et al. (2008) included past release as a decision variable, while this chapter did not

consider it as a model input. Furthermore, the operational data set utilized in this chapter

is updated to 2016, which may account for this discrepancy. Martis Creek Lake, located

in the Sierra Nevada Mountains outside the town of Truckee, serves the dual purpose of

flood control and recreation, with precipitation (P) being the most predictive variable for

reservoir inflow at all timescales. The lake is situated in a headwater watershed with a

small contributing area, which further supports the use of P as a reliable proxy for inflow

prediction. It is worth mentioning that for two reservoirs, the Elephant Butte Reservoir in

New Mexico and the Moon Lake in Utah, PET has a major effect on reservoir release at

the daily, WD-weekly, and MD-monthly scales (maps along the diagonal shown in Figure

2.5), which could involve considerable reservoir evaporation and water use for agricultural

irrigation in the arid, semi-arid western mountains. These results of model-based sensitivity

analysis further validate the findings given by the comparison of Experiments 1 and 4. That

is, reservoir inflow or storage volume has a paramount influence on the release decision

rather than hydroclimatic forcing. Only for very few reservoirs, hydroclimatic forcing

directly dominates the reservoir release.

The most important feature on the release decisions can extend to aligning with their

functional roles and have operational implications. For instance, at the daily scale, the

inflow-dependent reservoir (along the Arkansas River, Columbia River, and coastal areas,

32



see the first panel in Figure 2.5), typically serve the purposes of flood control, run-of-the-river

hydropower generation, etc. For these reservoirs, the accuracy of inflow forecasts could

substantially influence release decisions. The storage-dependent reservoirs (mainly in

the high plains and Midwest), which are used for water supply, irrigation, impoundment

hydropower, etc., suggest the storage capacity could greatly influence the downstream flow

conditions simulation.

Figure 2.5: Spatial distribution of dominant factors across daily, weekly, and monthly scales.
The circles with black solid edges represent reservoirs labeled as “lock and dam.” The inset
at the bottom left corner depicts the number of reservoirs in which a certain variable (inflow,
storage, precipitation or potential evapotranspiration) is identified as the dominant factor
influencing release decisions.

It is interesting to notice that more than one third of (117 out of 327 for WD; 108 out

of 327 for MD configuration) reservoirs vary in their dependency on decision variables at

different time scales (shifted from weekly to daily in the WD; from monthly to daily in the

MD configurations), suggesting that reservoir operators consider different information at
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different time scales to fulfill multiple designed purposes. For MD shown in Figure 2.5, at

the monthly scale, operations of 214 reservoirs primarily depend on the reservoir inflow, and

91 reservoirs rely more on storage volume. At the daily scale, the number of reservoirs with

major dependency on inflow decreases to 175 and that of reservoirs relying more on storage

volume increases to 174. From the coarse scale to the fine scale, nearly 20% of reservoirs

(64 out of 327) shift their primary dependence from inflow to storage volume. As mentioned

in Section 2.3.3, many reservoirs tend to maintain nearly constant water level or storage at

the beginning and end of an operational year, which can result in a balance between the total

volume of inflow and release at certain time scales (e.g., annually, seasonally). Consequently,

it is not surprising that for almost two-thirds of the reservoirs studied, inflow exhibits the

strongest relation with release at the monthly scale. At the daily scale, operators tend to

give greater weight to current or recent storage status (or water levels) when making release

decisions, since reservoir storage is a crucial factor in determining the availability of water

for downstream users or for maintaining water levels within acceptable limits. Although

neither SD nor temperature is detected as the dominant factor at any of the reservoirs, it

would be premature to dismiss these two factors as unimportant. This is probably on the

ground that the variable importance analysis used in this chapter is model-based rather than

based on observational data, which sometimes might produce misleading results due to

inadequate feature selection or inappropriate model configuration, particularly when SD

or air temperature is tightly linked to other explanatory variables such as P or PET. It is

important to exercise caution in interpreting the results. Additionally, this chapter merely

focuses on the most important variables in this chapter, but SD and air temperature are likely

to play a substantial role in snow-dominated, high-altitude mountain reservoirs.
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2.3.5 Reservoir Release Behaviors across Time Scales

Compared to attempts to capture reservoir operation at a fixed time scale, the hierarchical

temporal configuration in this chapter demonstrates improved model performance while

utilizing the same input information, particularly when essential decision variables such as

inflow or storage are inaccessible. In addition, the sensitivity analysis suggests that operation

in many reservoirs depends on different information at different time scales. In the following

paragraphs, the author picks the multi-purpose Belton Lake reservoir to elaborate how

various operation targets manifest their signatures at different time scales, thus requiring

hierarchical temporal configuration to fully capture the tradeoffs among multiple operation

targets.

The Belton Lake (TX00002) is located on Leon River in Texas with 536.8 million cubic

meters (or 435,500 acer-feet) conservation capacity (Texas Water Development Board, 2015)

and the maximum storage volume of around 1,440 million cubic meters. The 192-feet high

dam maintains the water level at elevation between the conservation pool elevation of 594

feet and the crest elevation of 631 feet, with flood control, water supply and irrigation as

listed operation targets under the management of the U.S. Army Corps of Engineers. The

annual mean inflow volume is 641.5 million cubic meters. Belton Lake provides an example

with a large storage capacity in a humid subtropical climate. The DDM in Experiment 5

(with inflow only) has NSE of 0.848, 0.969, 0.920 for Daily, WD and MD configuration,

respectively. The DDM identifies reservoir storage as the dominant variable on release at

Daily, WD, and MD scales, respectively.

Figure 2.6 shows the scatter plots of release versus inflow and storage versus inflow at

various time scales. At the annual time scale (Figure 2.6d), the outflow is highly correlated

with inflow, suggesting the reservoir has seasonal flow regulating capacity. The slightly

lower annual release than the inflow (Figure 2.6d) indicates water balance is roughly held
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on annual time average. Water supply withdrawals made through pumping or diversion have

a limited impact on the mass balance. The randomness between monthly inflow and release

(Figure 2.6c) shows a wide range during different seasons indicating the seasonal buffering

capacity of the reservoir storage. The storage versus release scatter plot shows reconcilable

patterns starting from the monthly scale.

Figure 2.6: Relationship between inflow and release at (a) daily, (b) weekly, (c) monthly,
and (d) annual scale; Relationship between reservoir storage and release at (e) daily, (f)
weekly, (g) monthly, and (h) annual scale of Belton Lake (TX00002).

Figure 2.7a shows the flow duration curves of Belton Lake inflow and releases simulated

by different DDM configurations. The Daily, WD, and MD achieve similar predictability to

capture the regulation during medium to high flow conditions (i.e., flow larger than 20%

exceedance probability). The Daily scale DDM overestimates the low to medium flow range

(i.e., flow less than 40% exceedance probability) with given inflow only, and the MD scale

DDM slightly overestimates the medium flow (i.e., flow between 25% and 45% exceedance)

and underestimates the low flow range (i.e., flow less than 60% exceedance probability). The

WD scale DDM reproduces the flow duration curve (FDC) for almost all flow conditions

although not perfectly.

The hydrograph of Year 2002 in Figure 2.7b shows the seasonal pattern and short-term
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Figure 2.7: Experiments exploring the dominant factors and simulated outputs of Belton
Lake (TX00002) in Texas. Comparisons of observed and simulated release in Experiment
5 (only inflow as inputs) shown in panel (a) Flow Duration Curve and (b) hydrograph
during the calendar year 2002 (test period); (c) Conservation capacity, observed storage,
and simulated storage during the calendar year 2002, where the simulated storage is derived
from the water balance equation, inflow, and simulated release; Time-varying dominant
factors from Experiment 4 (both inflow and storage as model inputs) shown in (d) daily
model, (e) weekly layer of WD model, and (f) daily layer of WD model during the calendar
year 2002. The sub-axis presents the computed absolute variable importance values obtained
through the application of Shapley Additive Explanations method (Lundberg and Lee, 2017)
The dominant factors, characterized by the highest absolute variable importance values, are
denoted by different colors.
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variation produced by different DDM configurations. The Daily Scale DDM tends to exhibit

a faster decay in release following flood events, since the daily scale model is sensitive to

the daily input and lacks long-term information. The WD scale configuration demonstrates

superior performance in capturing both seasonal water supply and flood control release

at Belton Lake. As an illustration, in November 2002, when the daily model produces a

false release response while the hierarchical models do not. It exposes the shortcomings

of a single daily scale model for multi-purpose reservoirs that consider reservoir storage as

an influential factor. Many large reservoirs in Texas adhere to a general strategy based on

minimizing the risk and consequences of releases contributing to downstream flooding in

the flood seasons, while ensuring the maximum design water surface is never exceeded (as

shown in Figure 2.6e). Release decisions are contingent upon the flood control pool storage

capacity. In the non-flood seasons, these reservoirs strive to maximize water levels within

the conservation pool, without surpassing its upper limit (i.e., the top of conservation pool).

When storage information is not explicitly provided as an input, it can be challenging for a

daily single model to consistently and accurately respond to inflow information. Although

DDMs are expected to derive storage information from the physical constraints (e.g., water

balance equation) and the accurately simulated release time series (Figure 2.7c), challenges

remain due to the inaccurate simulation in release, error accumulations, missing water budget

terms, etc. If only reservoir inflow is given, which typically represents short-term hydrologic

variability, the long-term target may be overlooked by a daily single time scale model due to

the absence of long-term hydrologic indicators. An example from Figure 2.7c illustrates

that from September to November 2002, the water level (storage status) fell below the target

conservation capacity, resulting in the reservoir not releasing water in response to inflow

events during this period. Storage is recognized as the dominant factor that determines the

reservoir release decision at both daily and weekly scales during this period (Figures 7d and

7e). In the absence of storage that can reflect long-term hydrologic variability, the Daily
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model fails to capture the implicit long-term patterns inherently embedded in the absent

key variable. This “short sight” explains the erroneous response observed in Figure 2.7b

(gray line), further emphasizing the importance of fully utilizing multiple temporal scales

of information. In contrast, the hierarchical model with multiple time scales can better

incorporate the complex dynamics of the reservoir system, which can lead to more reliable

and robust simulation results.

These observations highlight the importance of appropriately organizing training data at

various time scales in order to enable machine learning techniques to capture the underlying

relationships inherent at each time scale. This chapter also uses other machine learning

techniques (e.g., Random Forest) to configure the hierarchical DDM and achieved

satisfactory results, suggesting the predictability is not limited by the choice of specific

machine learning models. From the perspective of effectively training the machine learning

models, hierarchical temporal configuration not only yields better predictability, but also

provides more meaningful interpretations of the DDM.

2.4 Discussion

2.4.1 Strategies and Limitations of Data-Driven Reservoir Operation Modeling

This chapter employs LSTM networks to simulate reservoir release decisions, primarily

due to their similarities to traditional hydrological models to some extent—for example,

current hydrological fluxes are determined by current inputs and past states. The strength of

LSTM networks lies in their ability to learn nonlinear patterns and long-term dependencies,

making them ideal for simulating reservoirs where the hydrological behavior may change

over time. LSTMs are expected to be suitable for modeling when the decision variables (or

model inputs) exhibit temporal dependence. While LSTM networks have become widely

used in the hydrology community, barriers may exist due to the requirement of a large
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amount of training data and careful finetuning processes to achieve accurate results. In

addition, the measurement of feature importance in neural networks is not so straightforward

and makes it lack interpretability. It is essential to acknowledge that LSTM networks may

not be the optimal choice for simulating reservoir operations all the time, especially in cases

where actual operation rules are explicit. For instance, in some highly engineered watersheds

in the western United States, which are equipped with a large number of dams, the reservoir

release patterns can deviate considerably from the natural flow characteristics of the system.

These deviations are a result of the complex interactions between the reservoir operations

and the hydrological processes, which can be influenced by a range of factors such as climate

change, water demand, and land use change. In these cases, other white-box models such as

Classification and Regression-Tree or RF, which are more intuitive for decision-makers and

excel in capturing patterns from various features, may be more appropriate (e.g., Yang et al.,

2016). Moreover, a notable drawback of LSTM and other RNN-based models typically

pertains to their dependence on data continuity, particularly when the lookback or look

forward window is extensive. For instance, in the context of rainfall-runoff or models

involving surface-groundwater interaction, such a window may span as much as 180, 270,

or 365 days (e.g., Kratzert et al., 2019). While preprocessing techniques can handle missing

data to create a continuous time series as inputs, the usefulness of models needing continuous

data might be limited in situations where reservoir operation records are scarce.

Unlike many well-established DDMs for reservoir operations, such as those developed

by Turner et al. (2021); Chen et al. (2022a,b); Dong et al. (2023); Brunner and Naveau

(2023), this chapter omits reservoir storage simulation, which is a frequently pursued

research objective in the development of reservoir operation models. It is because this

chapter aims at investigating the significance of multi-timescale information in data-driven

reservoir operation modeling. Specifically, this chapter seeks to examine the impact of

incorporating multiple temporal scales of decision variables in the construction of models
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for reservoir release and aspires to contribute to the ongoing effort to enhance the

performance and robustness of data-driven regulated flow simulations. It is noteworthy that

the interdependency between reservoir inflow, storage, and release across various time

scales (as pointed out in Section 2.3.3 and the example shown in Figure 2.6) can be

leveraged to extract informative features for input into white-box models (i.e., feature

engineering considering multiple scale temporal information), with the potential to enhance

the balance between model performance and interpretability. By exploiting the rich

temporal dynamics of reservoir operations data, it can facilitate a more comprehensive and

interpretable representation of the underlying processes.

The feasibility of data-driven reservoir simulations can be further boosted through the

use of hybrid strategies that combine rule-based or conceptual operation schemes with

machine learning techniques (Dong et al., 2023; Gangrade et al., 2022). By leveraging

expert knowledge in the form of appropriate feature engineering (Yang et al., 2016, 2017),

and by incorporating reservoir storage dynamics derived from a range of advanced sensing

techniques (Chen et al., 2022a,b; Eilander et al., 2014; Sorkhabi et al., 2022; Van Den Hoek

et al., 2019), it is possible to use DDMs to better reconstruct downstream flow in data-sparse

regions, using meteorological forcing and inflow generated by hydrological models.

2.4.2 Hierarchical Nature of Anthropogenic Decisions

DDMs are generally not constrained by the complexity of the training data set and can

achieve better prediction with more training variables. However, the results illustrated in

Figure 2.4 suggest that in an identical experimental setup, employing congruent variables

and model architecture while maintaining consistent model complexity (as indicated by an

equivalent total parameter count), the hierarchical timescale model—which encompasses

both coarse and fine scales and is anticipated to acquire an augmented amount of temporal

data—does not invariably surpass the performance of a single-timescale model. It indicates
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that reservoir operation decisions under different operation targets are associated with

different time scales and require different information. Therefore, simply including more

variables into the training data sets or increasing the hierarchical layers does not guarantee

better predictability. This observation highlights the importance of providing appropriate

information that matches the temporal resolution to capture reservoir release behavior under

various targets.

Although the scaling issue in hydrologic processes has been well recognized by the

hydrologic community, there are few studies to investigate the scaling of decision making

in water resources management. In representing anthropogenic components (by either

simulation or optimization approach) in hydrologic models, the decision makings are

generally based on one single time scale. For example, farmers’ irrigation decisions depend

on soil moisture conditions. The reservoir operation policy is optimized to balance the

tradeoff between water supply benefits and flood risk based on daily streamflow. The

hierarchical temporal scale configuration of DDM in this chapter explicitly shows that

the single temporal scale model cannot fully capture the reservoir release under various

operation targets. Different operation targets are associated with different temporal scales

and require corresponding hydroclimatic information. For example, the reservoirs in the

Colorado River Basin use the seasonal snowpack condition to forecast the water supply

(Bureau of Reclamation, 2022; Xiao et al., 2018), while the hydroelectric generation is

based on hourly demands from power grids.

Besides the dependence on cross-scale information, anthropogenic decisions also interact

at different scales. Short-term decisions (e.g., operation of water resources infrastructure)

are constrained by long-term decisions (e.g., planning of water resources infrastructure),

and the objectives of decisions at different scales may require tradeoffs. For example, given

the same amount of agricultural water supply, farmers can tradeoff between crop type and

irrigated area (decisions made before growing season) and the actual irrigation intensity
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(decisions made during growing season), which results in different water release amount

and frequency. The hierarchical temporal configuration of DDM in this chapter recognizes

the cross-scale interaction feature and handles this feature by simulating the daily release

deviation from the weekly/monthly release. For traditional optimization formulation in water

resources management, the author believes the hierarchical optimization (Karsanina and

Gerke, 2018; Yeo et al., 2007) would be a promising configuration to represent interactions

of decisions made across scales.

As hydrologic models and observations continue to improve and provide better

prediction, the ultimate question is how hydrologic prediction (and what types of prediction)

can be effectively utilized to improve the operation of reservoirs. There are efforts to

forecast informed reservoir operation (FIRO) (Delaney et al., 2020; Zarei et al., 2021).

Hydrologic predictions at different time scales are based on different processes (e.g.,

seasonal projection based on snow water storage, short-term prediction based on weather

forecast) and subject to various levels of uncertainty. In addition, different forecast products

have different lead-time (ranging from hours by short-term weather forecast to seasons by

climate models), a better understanding of hydrometeorological factors at various time

scales affecting reservoir operation would facilitate FIRO to select the forecast products

suitable for a specific reservoir.

2.5 Conclusions

This chapter proposes a hierarchical temporal scale framework to improve the data-driven

reservoir release modeling. When the dominant explanatory variables observed inflow or

storage are unavailable as inputs, more than 60% of reservoirs across the CONUS gain

the improvement in model performances, while modeling of 80% of them can be more

accurate by this framework if the first layer is constructed at weekly scale. The proposed

framework accounts for the influence of multiple temporal-scale variability to accurately
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predict reservoir release behavior, which may have inspiring implications for data-driven

reservoir release modeling in regions where operating records are incomplete or limited in

availability.

This hierarchical framework is not model-specific and therefore has broad applicability.

By further adjusting the primary states simulated on the first coarse scale, which is partially

similar to the operating process of reservoir managers in response to the daily inflow

corresponding to the predefined water control plans, the hierarchical architecture is

conducive to improve both the performances and the interpretability of DDMs, and can be

further adapted to be closely integrated with the decision-making of managers. It also

demonstrates the similarity of a natural-human system and hydrologic processes across

temporal scales. In future work, data-driven reservoir components that have comprehensive

utilization of multi-timescale information could be incorporated into physics-based models

to improve the accuracy of hydrological process simulations.

Results of different experiment settings reveal that reservoir inflow and storage volume

have a paramount influence on the release strategies. Model-based sensitivity analysis proves

it, and further illustrates that variable importance can vary in time periods and across multiple

time scales. For nearly 1/3 reservoirs across the CONUS, reservoir operations mainly depend

on different decision variables at different time scales, and for several reservoirs, such as

some in the Upper Colorado, hydroclimatic forcing still has a major influence on the release,

addressing more demands on the assessment and planning of reservoir status and accurate

forecasting of hydroclimatic forcing.
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Chapter 3

INCORPORATING SATELLITE-DERIVED VEGETATION INTERANNUAL

VARIABILITY INTO LAND SURFACE MODELS

3.1 Introduction

Vegetation plays an important role in terrestrial water and energy budgets (Bonan, 2008;

Duveiller et al., 2018; Oehri et al., 2022), global carbon cycle (Chen et al., 2019b; Sha

et al., 2022) and adaptation to a changing climate (Duarte et al., 2013; Thorne et al., 2017;

Anderson and Song, 2020). Vegetation transpiration directly affects terrestrial-atmospheric

processes as the main component in latent heat flux, accounting for about 40-80% of latent

heat flux (Coenders-Gerrits et al., 2014; Wang et al., 2014; Schlesinger and Jasechko,

2014; Good et al., 2015). In addition, vegetation indirectly interacts with other hydrologic

processes in response to climate forcing. For example, hydraulic redistribution through

vegetation root systems regulates soil moisture to accommodate climate fluctuation (Amenu

and Kumar, 2008; Yu and D’Odorico, 2014; Barron-Gafford et al., 2017; Sun et al., 2018).

The vegetation shade and canopy snow interception change the land surface albedo and

snow energy balance in cold regions (Link and Marks, 1999; Webster and Jonas, 2018;

Malle et al., 2019). These feedbacks subsequently propagate to catchment fluxes such as

surface water yield, evapotranspiration and groundwater recharge (Vertessy et al., 2001;

Wattenbach et al., 2 04). Furthermore, the detected alterations in vegetation reflect both

natural factors (e.g., wildfire) and human activities (e.g., reforestation and deforestation)

(Nobre et al., 2016; Boulton et al., 2022; Chen et al., 2019a), which introduce further

uncertainty when evaluating the effects of vegetation on the hydrological cycle. Therefore,

improving the representation of vegetation dynamics and its interaction with climate forcings
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and hydrologic processes are essential for predicting hydrologic fluxes and state variables in

a changing environment (Miller et al., 2006; Ruhge and Barlage, 2011; Kumar et al., 2019).

Land surface models (LSMs) and hydrologic models typically present plant phenology

through static multi-year average monthly climatology. For instance, the Unified Noah LSM

(Chen et al., 1996; Chen and Dudhia, 2001; Ek et al., 2003), a stand-alone, uncoupled,

1-D column LSM used in the North American Land Data Assimilation System Phase

2 (NLDAS-2, Xia et al., 2012), employs the climatological Green Vegetation Fraction

(GVF, as the black solid line shown in Figure 3.1a) to parameterize vegetation dynamics

using a composite 5-year (1985-1989) average derived from the Advanced Very High

Resolution Radiometer (AVHRR) satellite (Gutman and Ignatov, 1998). Such climatology

parameterization scheme only represents vegetation average seasonal variation and misses

the interannual variability (as colored lines shown in Figure 3.1a), therefore failing to capture

the actual vegetation responses to climate fluctuations and extremes (e.g., droughts) and

leading to errors in estimates in the hydrologic fluxes and states (e.g., Tang et al., 2012;

Wattenbach et al., 2 04).

In semi-arid and arid regions like the Upper Colorado River Basin (UCRB), the

structure and distribution of vegetation can be highly regulated by precipitation patterns

(Miranda et al., 2011; Poulter et al., 2014; Dannenberg et al., 2019). Figure 3.1b illustrates

the correlation between annual maximum GVF derived from the seven remotely sensed

vegetation products and annual precipitation anomalies from the NLDAS-2 forcing. All

seven remotely sensed GVF (details see Table 3.2) consistently show correlations with

annual precipitation, indicating the vegetation response to climatic variability in the

semi-arid UCRB. As global warming induces notable increases in atmospheric water

demand and vegetation water consumption across diverse regions (Yuan et al., 2019; Zhang

et al., 2020b), the association between precipitation and vegetation variability in drylands is

expected to be enhanced (Zhao et al., 2022). Furthermore, the mean sensitivity of
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Figure 3.1: (a) Monthly average GVF during the period of 2001-2011 across the Upper
Colorado River Basin (UCRB), here “Default” represents the climatological GVF obtained
using a composite 5-year (1985-1989) GVF derived from the AVHRR; (b) Correlation
between annual maximum GVF from various products (GEOV2, MODIS C6, GLOBMAP,
GIMMS, TCDR, VIIRS and VGT) and annual precipitation. Details of remotely sensed
products refer to Table 3.2.

vegetation canopy greenness to precipitation, as observed from satellites, is highest in arid

regions and has been increasing over time in many drylands, including the western U.S.,

since the 1980s (Zhang et al., 2022). The consistent observational evidence of the

interaction between vegetation dynamics and precipitation suggests that the projected

variations in precipitation could both directly adjust the water input to the system and alter

vegetation indices, thereby introducing additional variance in hydrologic response. As a

result, it is crucial to integrate interannually variant vegetation dynamics into LSMs for a

more accurate representation of precipitation-vegetation association.
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Mechanistic representations involve simulating vegetation dynamics through

ecohydrological processes within the LSMs (e.g., dynamic vegetation module in the

Noah-Multiparameterization Land Surface Model, Niu et al., 2011). However, dynamic

vegetation models are typically limited by simplified process representations and model

parameterization uncertainty. Hence, the simulated dynamic phenology can be notably

biased (Murray-Tortarolo et al., 2013; Konings and Gentine, 2017) and often fails to

reproduce the full extent of observed temporal variability (Koster et al., 2014; Lee et al.,

2018; Kolassa et al., 2020).

Remotely sensed time-varying vegetation indices are progressively incorporated into

hydrologic models to yield a more accurate estimate of hydrologic states and fluxes.

Enhancements in model performance, achieved by replacing the original climatological

vegetation parameterization with real-time satellite datasets, are evident in simulated

surface soil moisture and temperature (Yin et al., 2016), streamflow predictions (Tesemma

et al., 2015; Ma et al., 2019; Elmer et al., 2022), and snow depth and terrestrial water

storage (Kumar et al., 2019). However, there are concerns associated with incorporating

remotely sensed vegetation characteristics into large-scale hydrologic models.

Discrepancies among various remotely sensed vegetation datasets can be substantial due to

diverse sources of satellite sensors and retrieval algorithms. Although previous studies

showed the benefits of fusing one specific vegetation index into hydrologic models, the

propagation of uncertainty of multi-source remotely sensed vegetation products through

hydrologic processes and impacts on hydrological simulations remains unclear (Cihlar

et al., 1997; Zhu et al., 2018b). Moreover, the incorporation of multi-source remotely

sensed data into modeling is a time-consuming process. There is a need for rapid diagnostic

tools to aid in the evaluation and selection of appropriate remotely sensed data.

Machine Learning (ML) has gained considerable traction as a method to expedite

hydrological simulations in recent years. It learns the relationships between various
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independent and dependent variables. When the target outputs of the ML models are

sourced from process-based models, the ML serves as a surrogate, effectively “replicating”

the underlying mechanisms of the physical model. This surrogate role allows them to

directly produce target outputs, achieving both high predictive accuracy and reduced

computational runtime, as demonstrated in studies by Zahura et al. (2020); Zahura and

Goodall (2022); Tran et al. (2021); Maxwell et al. (2021); Condon et al. (2021).

Additionally, ML surrogates facilitate speeding up parameter estimation and uncertainty

quantification (Xu et al., 2017; Sun et al., 2023), thereby improving the forecasting

accuracy and predictive capabilities of hydrological models. Therefore, leveraging the

potential of ML is a promising approach for efficiently integrating multi-source remotely

sensed data into large-scale hydrologic models.

This chapter aims to examine the spatiotemporal impacts of fusing multi-source remotely

sensed time-varying vegetation dynamics into LSMs on hydrologic simulations in the

UCRB. With diverse natural conditions (e.g., climate, seasonality, topography and vegetation

types) and significant societal impacts in a changing environment, the UCRB provides

a wide spectrum to comprehensively assess the consequences of vegetation-hydrology

interaction and land management. This chapter aims to address the following questions: (1)

Can multi-source remotely sensed vegetation products capture the vegetation responses to

climatic interannual variability? (2) In the UCRB, what are the hydrologic consequences

of explicitly represented time-varying vegetation dynamics? (3) How does the response of

vegetation to climatic fluctuation regulate hydrologic biotic and abiotic components, and

what are the implications to water resources in the UCRB? This chapter develops a deep

learning-based surrogate model based on the Noah LSM as a computationally efficient

diagnostic tool to facilitate the parameter calibration and fusing of remote sensing products

and process-based hydrologic models.
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3.2 Methods

3.2.1 Study Area

As a prominent river in the southwestern U.S., the Colorado River spans seven U.S.

states and Mexico, catering to the needs of 40 million people and providing irrigation

water for 5.5 million acres of agricultural land (Cohen et al., 2013). The natural flow of

the Colorado River is heavily influenced by snowpack in the Rocky Mountain headwaters

subbasins, accounting for over 70% of the river’s annual streamflow (Li et al., 2017). The

UCRB, which generates approximately 90% flow of the entire Colorado River Basin (CRB)

(Jacobs, 2011; Xiao et al., 2018; McCabe and Wolock, 2020), is the primary focus of

hydrologists. This snowmelt-dominated catchment extends from the headwaters in the

Rockies of Colorado and Wyoming to Lee’s Ferry in Northern Arizona, with elevations

ranging from approximately 4,300 m to 900 m and covering an area of about 280,000 km2

(Tran et al., 2022). The climate of UCRB exhibits considerable variation, transitioning from

alpine conditions in the north and east to arid/semi-arid conditions in the south and west

(Ficklin et al., 2013). The UCRB experiences an average annual precipitation of 400 mm,

predominantly accumulating in mountainous regions (Hibbert, 1979), and ranging from

over 1,000 mm in the east to less than 250 mm in the west (Ficklin et al., 2013). Water

balance fluctuations in the basin are primarily driven by ET, which constitutes over 85% of

precipitation on average (Vano et al., 2012). The basin features a predominance of shrubland

and various forest types, together comprising approximately 60% and 25% of the total

UCRB land cover, respectively. The UCRB encompasses the Green, Upper Colorado, Glen

Canyon, and San Juan River subbasins (Figure 3.2).
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Figure 3.2: Location of Upper Colorado River Basin (UCRB) and subbasins.

3.2.2 Land Surface Model (LSM)

This chapter selects the NLDAS-2 Noah LSM version 2.8 as the focus for diagnostic

analysis. The Noah LSM serves as one of the land surface modeling components within the

NASA Land Information System (LIS,Kumar et al., 2006), which typically operates in an

uncoupled mode, utilizing a combination of observation-based precipitation, radiation, and

meteorological and land surface parameter datasets. It is a one-dimensional

soil-atmosphere-vegetation transfer model which simulates four-layer soil moisture (both

liquid and frozen) with respective thicknesses of 0-0.1, 0.1-0.4, 0.4-1, and 1-2 m (Chen

et al., 1996; Chen and Dudhia, 2001; Ek et al., 2003). Specifically, the Noah model version

2.8 is employed in the NLDAS-2 to generate long-term (1979-present), high resolution (1/8

degree) energy and water flux as well as state variables (Xia et al., 2012; Kumar et al.,

2017). Although the operational version of NLDAS-2 is expected to undergo subsequent
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enhancement via its transition to the NLDAS-Testbed at NCEP for future implementation

by upgrading and/or replacing old versions and models and adding new assimilation

procedures (Zhang et al., 2020a), the diagnostic methodology presented herein remains

readily transferable to alternative land surface models driven by NLDAS-2 forcing, and is

amenable to applications within the context of other hydrological models.

In this chapter, particular emphasis is placed on the estimation of ET and its associated

subcomponents, which are primarily governed by vegetation dynamics. Within the Noah

LSM, the GVF dictates the partitioning of total ET into vegetation transpiration and

evaporation originating from both bare soil and vegetative canopy. Additionally, GVF

indirectly influences the snow sublimation rate by modulating state variables implicated in

the water balance. In the following part of this section, the author briefly introduces the

processes affected by vegetation in Noah LSM, while a comprehensive description of Noah

LSM can be found in Chen and Dudhia (2001). The total ET consists of four components,

the direct evaporation Edir, the wet canopy evaporation Ec, the canopy evapotranspiration Et

and the snow sublimation, Esn, namely,

ET = Edir +Ec +Et +Esn (3.1)

Specifically, the direct evaporation Edir from the ground surface is computed by

Edir = (1−σ f )β ·Ep (3.2)

where Ep is the potential evaporation calculated by a Penman-based energy balance approach

that includes a stability-dependent aerodynamic resistance (Mahrt and Ek, 1984), β is the

first layer’s soil moisture normalized by the field capacity and wilting point, and σ f is the

GVF.

The wet canopy evaporation Ec is determined by

Ec = σ f

(
Wc

S

)n

·Ep (3.3)
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where Wc is the intercepted canopy water content, S is the maximum canopy capacity, and

n = 0.5.

The plant transpiration Et is determined by

Et = σ f Bc

[
1−

(
Wc

S

)n]
·Ep (3.4)

where Bc is a function of canopy resistance and is formulated as

Bc =
1+

∆

Rr

1+RcCh +
∆

Rr

(3.5)

where Ch is the surface exchange coefficient for heat and moisture; ∆ depends on the slope

of the saturation specific humidity curve; Rr is a function of surface air temperature, surface

pressure, and Ch; and Rc is the canopy resistance determined by

Rc =
Rcmin

LAI ·F1F2F3F4 · s

F1 =

Rcmin

Rcmax
+ f

1+ f
where f = 0.55

Rg

Rgl

2
LAI

(3.6)

where F1, F2, F3, and F4 represent the effects of solar radiation, vapor pressure deficit, air

temperature, and soil moisture, respectively; s is the seasonal factor, determined by the

optimum root growth temperature and mean soil temperature over the root zone; Rg is the

incoming solar radiation, and Rgl is a lower limit of 30W·m−2 for forests and 100W·m−2

for crops (Noilhan and Planton, 1989); Rcmin is the minimum stomatal resistance; Rcmax

is the cuticular resistance of the leaves. LAI is the leaf area index, and the calculation of

seasonal LAI in Noah LSM is altered to depend on the vegetation class, rewritten as

LAI = LAImin +α(LAImax −LAImin) (3.7)

where α =
σ f −σ f min

σ f max −σ f min
is normalized monthly GVF, σ f is monthly GVF, and σ f max

and σ f min are the maximum and minimum GVF, respectively. The details of vegetation
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type-dependent maximum and minimum LAI and more detailed descriptions can be found

in the work of Wei et al. (2012).

As the calculation of Esn does not directly involve GVF, the details are not included here.

For more comprehensive information, please refer to Livneh et al. (2010). To summarize,

GVF affects ET fluxes in Noah LSM by determining the partitioning of latent heat between

vegetation and soil, and further modulating vegetation transpiration by shaping canopy

resistance.

3.2.3 Deep Learning-based Surrogate Model

This chapter develops a surrogate model to streamline the calibration of the Noah

LSM, followed by a diagnostic analysis by fusing multi-source remotely sensed vegetation

products into the calibrated surrogate. Surrogate modeling, or emulation, aims to provide

a simplified and expedited model that reproduces the specific output of a complex model

based on its inputs and parameters (Asher et al., 2015).

The experimental design comprises two steps: process-based model running and

surrogate model running (Figure 3.3). This chapter empirically identifies key parameters

that influence the processes of energy partitioning and runoff generation. The minimum

stomatal resistance (Rcmin) and the parameter used in the solar radiation term of the canopy

resistance function (Rgl) (Eqn. 3.6) are also utilized as inputs. These parameters play

crucial roles in determining canopy resistance, subsequently influencing the calculation of

transpiration. Soil-related parameters fed into the model primarily include saturated

hydraulic conductivity, saturated soil potential, porosity and the soil type “B” parameter.

These factors are critical in computing the time rate of change of soil moisture and

temperature. This chapter employs Latin Hypercube Sampling (LHS) to systematically

select 1,000 parameter sets within the defined parameter space, following the NLDAS-2

specifications for soil and vegetation parameters (see Table 3.1). Wang et al. (2023) suggest
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that the surrogate model is suitable for parameter optimization when the size of the

parameter samples is approximately 40 times the number of parameters. LHS can ensure

that the surrogate model encompasses a comprehensive range of possible parameter values.

Subsequently, this chapter runs the Noah LSM using hourly NLDAS-2 meteorological

forcing and all parameter sets to produce outputs of hydrological fluxes, including total

runoff (Q) and four subcomponents of ET: transpiration (TRANS), canopy water

evaporation (EVCW), bare soil evaporation (EVBS), and snow sublimation (SBSNO).

These outputs aggregated from an hourly to a daily scale serve as target variables for the

surrogate model in the subsequent step.

Figure 3.3: Flowchart summarizing the method for surrogate model construction. The
meteorological forcing includes Accumulated hourly precipitation (P), Air Temperature
(Tair), Specific humidity at 2 meters above the surface (Qair), Surface pressure (PSurf),
Surface downward longwave radiation (LWDown), Surface downward shortwave radiation
(SWDown), U wind component (U wind), V wind component (V wind). The physical
parameters (vegetation and soil-related) include GVF, Minimum stomatal resistance
(RSMIN), Roughness length (Z0), Parameter used in solar radiation term of canopy
resistance function (RGL), Saturated hydraulic conductivity (SATDK), Saturated Soil
Potential (SATPSI), Porosity (MAXSMC), Soil type “B” parameter (BEXP).
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The surrogate model for the Noah LSM is established using Long Short-Term Memory

(LSTM, Hochreiter and Schmidhuber, 1997), a deep learning technique adept at capturing

temporal dependencies and extensively employed in hydrology in recent years (Kratzert

et al., 2018, 2019; Feng et al., 2020; Ma et al., 2021). LSTM is designed to capture both

short- and long-term dependencies by the use of cell memory in its architecture and is

frequently utilized to simulate hydrological fluxes (e.g., ET, Babaeian et al., 2022; Jia

et al., 2023) and states (e.g., soil moisture, Orth, 2021; Li et al., 2022; SWE, Meyal et al.,

2020; Song et al., 2023). A comprehensive description of the LSTM architecture can be

found in Section 2.2.3 Eqn. 2.2. This chapter builds a single-layer sequence-to-sequence

LSTM model with 256 hidden units to simulate hydrologic fluxes. The sequence length

encompasses the entire period, stretching from October 1st, 1979, to September 30th, 2016

during the training, validation, and test processes. This enables the surrogate model to

mimic the underlying mechanism of a hydrologic model in a similar manner:

Hydrologic Model: yt = fNoah (xt ,st−1,φ)

Surrogate Model: ŷt = fsurrogate (xt ,st−1,φ ;θ)

(3.8)

where xt is the meteorological forcing at the time step t, st−1 is the hydrologic or hidden

states at the previous time step, φ is the physical parameters (soil and vegetation-related)

in the Noah LSM, and θ represents weights and biases of the LSTM surrogate model,

yt is a subcomponent ET or runoff estimation of Noah LSM at the time step t, ŷt is the

subcomponent ET or runoff simulated by LSTM surrogate model at the time step t.

Similar to the process-based model, at each time step, the inputs for the surrogate

model are meteorological forcing and parameter sets, while the outputs are hydrologic

fluxes. Model inputs for the surrogate are normalized to a range of 0 to 1, to ensure faster

convergence during the training process. Meteorological forcing data spanning from October

1st, 1979, to September 30th, 2016, is aggregated from an hourly to a daily scale. The

fully connected operator enables the LSTM model to learn sufficient interactions between
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meteorological forcing and physical parameters (e.g., GVF).

Table 3.1: Selected forcing variables and parameters used in the surrogate modeling.

Input Features Feature Type Unit Range

Accumulated daily precipitation Forcing mm/day -

Air Temperature Forcing K -

Specific humidity at 2 meters above the surface Forcing kg/kg -

Surface pressure Forcing Pa -

Surface downward longwave radiation Forcing W/m2 -

Surface downward shortwave radiation Forcing W/m2 -

U wind component Forcing m/s -

V wind component Forcing m/s -

GVF Vegetation - 0-1

Minimum stomatal resistance (RSMIN) Vegetation s/m 0-400

Roughness length (Z0) Vegetation m 0-1.089

Parameter used in solar radiation term of canopy resistance function (RGL) Vegetation W/m2 0-100

Saturated hydraulic conductivity (SATDK) Soil m/day 9.7394×10−7-0.000176

Saturated Soil Potential (SATPSI) Soil m 0.035-0.7586

Porosity (MAXSMC) Soil - 0.395-0.476

Soil type “B” parameter (BEXP) Soil - 4.05-11.55

The objective function seeks to minimize the Mean Square Error (MSE) of all selected

outputs (Q, TRANS, EVCW, EVBS, SBSNO) for both the LSTM surrogate model and the

Noah LSM. Specifically, the objective function at each time step t is expressed as

min
θ

αi

5

∑
i
(yi,t − ŷi,t)

2 (3.9)

where i represents TRANS, EVCW, EVBS, SBSNO or Q, αi represents the adjustable

weights assigned to each of these outputs. αi values allow for different levels of importance

to be assigned to each output variable, which is crucial in multi-output models where some

outputs might be more significant than others (e.g., the vegetation transpiration typically

approaches zero during winter, whereas snow sublimation is generally low in the summer).

The optimal weights and biases of the LSTM surrogate model are obtained through the

training process using the Adam optimizer (Kingma and Ba, 2014).
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The author opts for a space-split training approach, which involves using the entire time

series of 50% of grid cells selected at random for training, 10% for validation, and the

rest for testing. During the training process, initial hidden states in the LSTM surrogate

model are set to zero, and the model is run on the first ten water years (1979-1989); the

hidden states on September 30th, 1979, are employed as the initial conditions for subsequent

training and fine-tuning. In the training of the model, the author employs a strategic learning

rate schedule for optimization. For the first 100 epochs, the author sets the learning rate at

10−3 with a mini-batch size of 256 to facilitate rapid convergence. For the following 500

epochs, the learning rate is reduced to 10−4, aiding in more precise adjustments in the model

weights. According to the first 100 epochs’ performance, the author adjusts the weights αi

in Eqn. 3.9 from a uniform set (where each weight is initially 1) to varied values through a

trial-and-error method for optimal tuning. The author further decreases the learning rate to

10−5 to further fine-tune the model. During this fine-tuning phase, the author implements an

early stopping mechanism. This approach monitors the model’s performance on a validation

set and halts the training process if there is no improvement, effectively mitigating the risk of

overfitting. Once the model is well-trained, it is re-run from October 1st, 1979 to September

30th, 2016 to assess its performance during the test period (2000-2016). The performance

of the model is evaluated using the Nash-Sutcliffe Efficiency (NSE, Nash and Sutcliffe,

1970), Root Mean Square Error (RMSE), and Percent Bias (PBIAS) (formulas provided in

Eqn. 3.10). Results under five different random seed settings are evaluated for each training

strategy to mitigate uncertainty arising from model implementation (random sampling and
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weights initialization).

NSE = 1− ∑
T
t=1 (yt − ŷt)

2

∑
T
t=1 (yt − ȳt)

2

RMSE =

√
∑

T
t=1 (yt − ŷt)

2

T

PBIAS =
1
T

T

∑
t=1

yt − ŷt

yt
×100

(3.10)

where yt is the observed hydrologic flux and ŷt represents the simulated hydrologic flux.

Utilizing the well-trained surrogate model, this chapter implements a Genetic Algorithm

(GA) for effective parameter calibration. This chapter aims to determine an optimal set of

soil-related physical parameters (specifically, SATDK, SATPSI, MAXSMC, and BEXP) to

minimize the MSE between the simulated streamflow and the observed monthly streamflow

data at Lee’s Ferry, provided by the United States Bureau of Reclamation (USBR) naturalized

flow records. To calculate the simulated monthly streamflow, the daily runoff outputs from

the surrogate model are aggregated to a monthly scale and then summed across the entire

basin, under the assumption that routing process impacts are negligible on this timescale. The

GA systematically navigates through the parameter space (parameter range details in Table

3.1), in search of the optimal parameter set. In the GA configuration, the author specifies a

population size of 300 with a maximum of 500 generations, a crossover probability of 0.8,

and a mutation rate of 0.02. The selection process is based on roulette wheel selection.

The optimal parameter sets calibrated using the GA are then applied to the Noah LSM.

Subsequent analysis is conducted utilizing this calibrated model. This chapter further

validates the calibrated surrogate model by comparing its outputs with those of the

process-based Noah LSM, both using the same set of calibrated soil-related parameters. If

the surrogate model can reliably replicate the Noah LSM, the static GVF can be directly

replaced with an interannually variant remotely sensed GVF dataset during data fusing in

the calibrated surrogate.
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3.2.4 Remotely Sensed Green Vegetation Fraction (GVF) Data Set

In order to evaluate the spatial and temporal impact of timing-varying vegetation

dynamics on hydrologic simulations within the Noah LSM, several remotely sensed GVF

datasets are fused into the well-trained surrogate model. This chapter employs both

LAI-based and spectral-based satellite GVF products. Table 1 provides a summary of the

data sources and resolutions for all seven products. LAI-based GVF datasets are derived

from Système Probatoire d’Observation de la Terre VEGETATION (SPOT/VGT)

Collection Version 2 (hereafter referred to as GEOV2, Verger et al., 2013, 2014), Moderate

Resolution Imaging Spectroradiometer Collection 6 (MODIS C6, Yan et al., 2016),

Long-term Global Mapping (GLOBMAP, Liu et al., 2012), Global Inventory Monitoring

and Modeling System LAI3g (GIMMS, Zhu et al., 2013), and Terrestrial Climate Data

Record (TCDR, Claverie et al., 2016) LAI products. These datasets are converted using the

following equation, in accordance with Norman’s method (Norman et al., 1995):

GV F = 1− eb×LAI (3.11)

where b = 0.5 is the extinction coefficient for general plant canopy.

The Visible Infrared Imager Radiometer Suite (VIIRS, Jiang et al., 2016) and SPOT/VGT

Collection Version 2 (herein VGT, Verger et al., 2013, 2014) GVF datasets are derived from

the presumed linear relationship between GVF and the Normalized Difference Vegetation

Index (NDVI) or the Enhanced Vegetation Index (EVI).

All raw LAI or GVF tiles are post-processed including smoothing, gap-filling, and

mosaicking to generate global maps at their original spatial resolution, which are

subsequently aggregated to an average resolution of 1/8 degree. Monthly GVF fields are

considered valid for the 15th day of each month. The study covers the common periods of

all data products from the calendar years 2001 to 2011. The black solid line in Figure 3.1a

represents the multi-year average monthly climatological GVF parameterization adopted by
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Figure 3.4: Spatial patterns of multi-year average (2001-2011) monthly remotely sensed
GVF across the UCRB.
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Table 3.2: Summary of remotely sensed GVF datasets employed in this chapter.

Products Sensor Spatial

Resolution

Temporal Resolution Period

LAI-based

GEOV2 SPOT/VGT,

MODIS

1 km 10 days 1999-

MODIS C6 MODIS Terra 500 m 8 days 2000-

GLOBMAP AVHRR,

MODIS

8 km 15 days (1981-2000);

8 days (2001-present)

1981-

GIMMS AVHRR,

MODIS,

SPOT/VGT

1/12 degree 15 days 1981-

TCDR AVHRR 0.05 degree Daily 1981-

Spectral based
VIIRS VIIRS 1 km Daily 1981-2012

VGT SPOT/VGT,

MODIS

1 km 10 days 1999-

NLDAS-2 Noah LSM, which is a composite of a 5-year (1985-1989) GVF dataset using the

AVHRR satellite, based on the algorithm by Gutman and Ignatov (1998). Most of the

processed interannually variant GVF products (colored lines, referred to as “dynamic

GVF”) are smaller than the default climatological GVF (referred to as “static GVF”) during

the growing seasons, but larger during the winter months (Figure 3.1a). Despite the

differences in algorithms and original spatial and temporal resolutions, dynamic GVFs

exhibit consistently similar seasonal patterns and temporal trends, except for VIIRS. This

consistency is likely due to the fact that most vegetation indices are fused with other

products. During the growing season, the domain average VIIRS GVF is noticeably higher

than the static GVF and other dynamic GVF products. VIIRS channels have higher spectral

and spatial resolution than AVHRR bands (Elmer et al., 2022), potentially indicating a

better representation of vegetation canopies and canopy gaps, partially due to improved
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observation in high biomass regions with no apparent saturation in forested areas, reduced

bidirectional reflectance distribution function effects, and decreased atmospheric influences

(Ding and Zhu, 2018). In the following analyses, the author will also place particular

emphasis on VIIRS, in addition to discussing the median statistics of the impact of all

remote sensing products.

3.3 Results

3.3.1 Validation of Deep Learning-based Surrogate Model

The total runoff and ET subcomponents generated by the LSTM surrogate model show a

great agreement with the Noah LSM simulations. The NSE values for total runoff (Q), total

ET, TRANS, EVCW, EVBS, and SBSNO are 0.9914, 0.9943, 0.9971, 0.9973, 0.9963 and

0.9910, respectively. The RMSE values for all outputs remain below 0.15 mm/day, while the

PBIAS values are within a range of +/- 2%. Here the total runoff (Q) and subcomponents of

ET are directly obtained from the surrogate model output, while total ET is calculated as the

sum of all the individual components. The LSTM emulation accuracy is deemed acceptable,

exhibiting a promising capability to capture main hydrologic flux variables under the given

meteorological forcing and hydrologic parameter sets.

This chapter then runs the process-based model and the LSTM surrogate using the

calibrated soil-related parameters and compare their respective outputs. The calibrated

model demonstrates good performance when compared to the USBR naturalized streamflow

estimate in the Lee’s Ferry (see Figure 3.5). It reproduces the overall seasonal trends and

regional attributes of total runoff (Q) and ET components throughout the UCRB (Figure

3.5 and 3.7). The surrogate accurately emulates the bi-modal pattern of total ET, which

mainly stems from that of bare soil evaporation. The simulation bias of snow sublimation

may imply that the surrogate model has limited representations of snow processes in the
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Figure 3.5: Calibrated simulated streamflow of Noah LSM and LSTM surrogate against the
monthly naturalized streamflow for Lee’s Ferry (1980-2015).

Noah LSM (Figure 3.6). This limitation could potentially impair the total runoff simulation

of the surrogate model, considering the substantial contribution of snow-covered regions

to the entire basin’s water yield and the complicated snow processes involved in its runoff

generation. While the surrogate model effectively tracks the increasing runoff from winter

to spring and the subsequent decline through summer and fall for all four subbasins, it tends

to slightly underestimate Q (Figure 3.6 and Figure 3.5). Despite these minor discrepancies,

the LSTM surrogate model demonstrates a strong performance in simulating the temporal

dynamics of ET and Q across the UCRB. After the integration of the remotely sensed

GVF, the calibrated surrogate model continues to exhibit a high level of agreement with the

outputs from the calibrated Noah LSM at the daily scale (Figure 3.8). This indicates that the

surrogate model maintains reasonable extrapolation accuracy, even with the introduction of

dynamic GVF data. Therefore, the subsequent analysis conducted using the LSTM surrogate

model can be considered reliable.
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Figure 3.6: Performances of LSTM surrogate model for all selected target outputs, including
(a) total runoff (Q), (b) total ET, (c) transpiration (TRANS), (d) canopy water evaporation
(EVCW), (e) bare soil evaporation (EVBS), and (f) snow sublimation (SBSNO).
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Figure 3.7: Comparison of multi-year monthly domain average (WY1979-2016) simulations
of Noah LSM and LSTM surrogate model for all selected target outputs, total runoff (Q),
total ET, transpiration (TRANS), canopy water evaporation (EVCW), bare soil evaporation
(EVBS), and snow sublimation (SBSNO) at Green, Upper Colorado, Glen Canyon, and San
Juan.

3.3.2 Effects of Incorporating Remotely Sensed Vegetation Dynamics into LSM

Figure 3.9 presents a comparison of differences in total runoff (Q), total ET, and its

four components (TRANS, EVBS, EVCW, and SBSNO) before and after incorporating

year-to-year variable remotely sensed GVF datasets in the UCRB during the 2001-2011

period. While remotely sensed GVF products differ in the interannual variability (Figure

3.12), most products (except VIIRS) consistently yield higher mean annual total runoff,

ranging from +2.46 mm to +7.30 mm compared to Noah LSM with static vegetation

parameterization (i.e., default climatological GVF). Although the differences in total Q

magnitude are less than 10 mm basin-wise, it accounts for around 14% change relative to

the multi-year average total Q of 56 mm in the UCRB during 2001-2011. The VIIRS results

in a small decrease in total Q estimation (-3.81 mm). The two processed near-real-time GVF

datasets from the same source, GEOV2 and VGT, exhibit a similar degree of increase in total
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Figure 3.8: Comparison of daily total ET (2001-2011) generated by calibrated Noah LSM
and calibrated LSTM surrogate model on a randomly selected grid cell.
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Q after data fusion for 2001-2011, despite the former being LAI-based and the latter being

spectral-based. The differences in total ET estimation after data fusion between GEOV2

and VGT may reflect the influence of GVF derivation methods (biomass or spectral) on

hydrologic simulations in the UCRB.

Figure 3.9: (a) Changes in mean annual ET and runoff (Q) in the UCRB after the integration
of satellite-derived interannually varying GVF Products into the Noah LSM compared
to that with static parameterization (i.e., default climatological GVF); (b) Analogous to
Figure 3.9a, but for subcomponents of ET, including transpiration (TRANS), bare soil
evaporation (EVBS), canopy water evaporation (EVCW), and snow sublimation (SBSNO).
The color-coded bars represent the multi-year average values, while the black error bars
indicate the standard deviations for the period 2001-2011.

For all satellite products, changes in total ET leads to nearly equivalent and opposite

changes in Q in Figure 3.9a. This further indicates the LSTM surrogate model conserves the

water balance at a long-term scale. Although other hydrologic variables are not simulated
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by the surrogate model, it is expected that ET changes caused by dynamic vegetation

characteristics will lead to changes in other processes. For example, the sensible heat or land

surface temperature during the growing seasons is expected to decrease based on energy

balance.

Figure 3.9b further shows the differences in various ET components caused by dynamic

GVF parameterization. The satellite-based GVF consistently shows large bare soil

evaporation than default monthly climatological parameterization (varying from 7 mm to 15

mm; except for VIIRS), which is partially compensated by decreased transpiration and

canopy water evaporation. It may be attributed to lower GVF values from remote sensing

during growing seasons than Noah’s static parameterization. LSM model configurations

(Eqn. 2) indicate that this smaller GVF leads to larger bare soil exposure, resulting in a

substantial increase in bare soil evaporation among the four ET subcomponents. Upon

integrating VIIRS, which presents higher GVF values during the growing season, bare soil

evaporation experiences a decline. Nevertheless, the concurrent rise in transpiration and

canopy water evaporation compensates for this decrease, leading to a minor increase in total

ET (Figure 3.9a). Alterations in snow sublimation after fusing remote sensing products with

interannual GVF variability are negligible. It may stem from GVF’s indirect impact on

snow sublimation within the Noah LSM.

Alterations in water budget terms induced by dynamic vegetation parameterization show

inconsistent spatial patterns among different satellite products (Figure 3.10). In high-altitude

regions in the Upper Colorado featuring woodland, wooded grassland, and evergreen

needleleaf forest, the incorporation of remotely sensed GVF commonly triggers a positive

change in annual total ET compared with Noah LSM employing monthly climatological

GVF (except VIIRS). In the case of GEOV2, GLOBMAP, and VGT, the decrease in ET

largely concentrates in shrubland regions within the southern UCRB. VIIRS GVF in the

southern subbasins manifests an early onset and extended duration of greenness (Figure
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Figure 3.10: Spatial patterns of multi-year average (2001-2011) annual total ET across
the UCRB for a) Default, b) GEOV2 – Default, c) MODISC6 – Default, d) GLOBMAP –
Default, e) GIMMS – Default, f) TCDR – Default, g) VIIRS – Default, h) VGT - Default.

3.4), notably in San Juan. This leads to an elevated total ET estimate and a corresponding

decrease in total runoff (Figure 3.11). Such spatial variations emphasize the diverse response

of remote sensing products to vegetation types, a discrepancy that can propagate into

hydrological flux estimates.

The impacts of dynamic vegetation on the interannual variability, indicated by the

coefficient of variation (CV), of the annual total ET, vegetation transpiration, bare soil

evaporation, and snow sublimation across the UCRB is shown in Figure 3.12 (GEOV2 as

an example). While the integration of various remotely sensed GVF datasets into Noah

LSM leads to slight changes in the water budget terms averaged across the entire basin,

they substantially influence the interannual variability of hydrologic fluxes over space. For

GEOV2, in most regions except the northern Green and high-altitude regions in the Upper

Colorado, satellite-derived dynamic vegetation characteristics increase the interannual

variability of total ET and reduce that of total Q. The increased interannual variability
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Figure 3.11: Spatial patterns of multi-year average (2001-2011) annual total runoff (Q)
across the UCRB for a) default, b) GEOV2 – default, c) MODISC6 – default, d) GLOBMAP
– default, e) GIMMS – default, f) TCDR – default, g) VIIRS – default, h) VGT - default.

in total ET mainly comes from the biotic subcomponents, with increased variability in

vegetation transpiration and canopy water evaporation likely mirroring the actual response

of vegetation (as captured in remotely sensed GVF products) to climate fluctuations. The

reduction in interannual variability of bare soil evaporation across most regions indicates

that the surface soil moisture can be more stable year by year. It can be attributed to dynamic

vegetation characteristics that buffer (or exhibit resilience against) fluctuations in hydrologic

fluxes and states. This highlights the ability of remotely sensed GVF products in capturing

physiologic buffering effects against climate variability. The role of vegetation as a climate

buffer highlights the importance of updating time-varying vegetation information in LSM

simulations to better represent the hydrological variability.

Differences in the seasonal patterns of hydrologic fluxes in four sub-basins of UCRB

between the Noah LSM using monthly climatological GVF and dynamic parameterization

are primarily in the growing season (April to September), as illustrated in Figure 3.13a and
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Figure 3.12: Spatial patterns of changes in Coefficient of Variation (CV) of (a) annual total
ET, (b) annual total runoff (Q), (c) transpiration (TRANS), (d) bare soil evaporation (EVBS),
(e) canopy water evaporation (EVCW), (f) snow sublimation (SBSNO) across the UCRB
for GEOV2 product compared to default climatologic GVF parameterization.
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S5. By incorporating satellite vegetation dynamics, the total ET and Q of Upper Colorado

undergo changes, resulting in a reduction in total ET of approximately -3 to -1 mm among

different GVF products between July and August and an increase in runoff by around 3 mm

during late summer (Figure 3.13a). The total ET in the Green, another subbasin situated in

the northern UCRB, is predominantly influenced by time-varying GVF changes from June

and August. Integrating interannually dynamic GVF leads to a modest decrease in total ET

for the two southern subbasins (i.e., Glen Canyon and San Juan), characterized by a bimodal

pattern with peaks in April and August, while total runoff correspondingly increases.

An important seasonal feature of the UCRB is the bi-peak of bare soil evaporation

and single peak of transpiration, as shown in Figure 3.13b. The soil evaporation reaches

the first peak in April or May with high soil moisture content due to snow melt, followed

by the vegetation transpiration peaks in June or July. The bare soil evaporation has the

second peak at the end of growing season around August or September. Depending on the

relative magnitude of bare soil evaporation and vegetation transpiration, the total ET has

two peaks across all subbasins. In addition, bare soil evaporation is the largest among all ET

components in the UCRB, and GVF directly changes the partitioning of total ET into bare

soil evaporation and transpiration as indicated by Eqn. 3.2.

Interannually variant GVF does not markedly shift the seasonal phases of hydrologic

variables, but does induce moderate modifications in their magnitudes, particularly for

the ET partitioning. The transpiration peak consistently occurs in July or August, with

amounts ranging from 10 mm to 13 mm over years, and the differences resulting from

the integration of remotely sensed GVF vary between -2 mm and +3 mm among different

products. Compared to the northern subbasins (i.e., Green and Upper Colorado in Figure

3.13a), vegetation transpiration experiences a more pronounced effect in the southern

subbasins (i.e., Glen Canyon and San Juan in Figure 3.13b). Evaporation (both from bare

soil and canopy surfaces) shows a larger alteration than transpiration in response to the
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Figure 3.13: (a) Multi-year domain average total ET and total runoff (Q) across the
four subbasins Green, Upper Colorado, Glen Canyon, and San Juan in the UCRB during
2001-2011. (b) Analogous to (a), but for subcomponents of ET, including transpiration
(TRANS), bare soil evaporation (EVBS), canopy water evaporation (EVCW), and snow
sublimation (SBSNO). Shading area depicts the uncertainties from the incorporation of
seven remotely sensed GVF products, while the dashed line represents the median of these
products.
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year-to-year variable vegetation dynamics.

Uncertainties from remote sensing GVF products can propagate into total ET and

runoff estimates, particularly evident in Upper Colorado during the late summer seasons

(Figure 3.13a). These uncertainties become more prominent for ET subcomponent estimates,

especially during growing seasons, as evident in Figure 3.13b, where the dashed lines,

representing the median of the seven products, significantly diverge from the solid line

(Noah LSM with static scheme). Such uncertainties, originating from various data sources,

can be approximately interpreted as the sensitivity of hydrological flux variables to GVF

changes. During non-growing seasons, these hydrologic variables display insensitivity to

GVF changes. As shown in Figure 3.1 and 3.4, during winter months, most of the remotely

sensed GVF values used in this chapter are higher than the climatological GVF. However, the

associated response of ET subcomponents is marginally affected by these differences (almost

negligible), possibly due to that vegetation growth activity, which plays a role in energy

partitioning processes, is inactive during wintertime. In summary, from April to August,

dynamic vegetation changes influence total ET by reallocating among ET subcomponents

(mainly affecting bare soil evaporation), consequently impacting runoff in the UCRB and its

four subbasins.

3.4 Discussion

3.4.1 Interactions between Parameters for LSMs after Updating Vegetation Information

While satellite products may more accurately reflect actual vegetation conditions,

incorporating remotely sensed vegetation dynamics into the process-based Noah LSM does

not automatically enhance the realism of the model. In this chapter, combined with the

calibrated soil parameters, the performance of simulated streamflow even degrades after

substituting the climatological GVF with an interannually varying GVF (Figure 3.14). This
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Figure 3.14: Comparison of simulated streamflow after the integration of remotely
sensed GVF into Noah LSM against the monthly naturalized streamflow for Lee’s Ferry
(1980-2015).
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can be attributed that data integration can modify the parameter-hydrologic component

relationships within the model. These changes can manifest in two different ways. On one

hand, vegetation in LSMs is a key determinant of the physical process how energy and

water are distributed between biotic and abiotic components, thereby directly influencing

hydrologic flux estimates (e.g., as Eqns. 3.2-3.4 shows in this chapter). In other hand,

parameters can interact with each other within the model. For example, the presence of

vegetation can influence soil physicochemical characteristics, such as hydraulic

conductivity and soil porosity (Zhang et al., 2021; Qiu et al., 2022). Concurrently,

vegetation tends to adapt to different soil types (George et al., 2012; Rao et al., 2016),

indicating that the physical and chemical properties of the soil can also significantly shape

and affect the type of vegetation that thrives. When vegetation information is changed from

a climatologic to a dynamic parameterization, the interactions between vegetation and soil

parameters correspondingly alter, therefore leading to alterations in hydrologic estimates.

Hence, the updating vegetation-related parameterization using time-varying satellite

products may require model parameter recalibration (e.g., saturated hydraulic conductivity,

saturated soil potential, minimum stomatal resistance, and roughness length) and a

re-evaluation of certain model assumptions (e.g., snow shading by high vegetation)

(Nogueira et al., 2021; Ruiz-Vásquez et al., 2023).

Another concern arises from the uncertainty inherent in remotely sensed vegetation

products. As discussed in Section 3.3.2, spatial variations in vegetation indices can be

propagated to the subsequent estimates in hydrologic components and their interannual

variability, leading to significant discrepancies among diverse satellite products. This

presents a challenge in confidently updating LSM parameterization with dynamic vegetation

data from a specific satellite product, as it is hard to guarantee the accuracy and reality

of the selected one. For example, this chapter calibrates the soil parameter based on the

climatologic GVF that may be considered “biased” compared to any yearly varied remotely
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sensed GVF. It may also introduce bias into the calibrated soil parameter, thereby resulting

in degraded performance in streamflow simulation. A feasible approach may be to employ

multi-objective optimization in LSM calibration (Mostafaie et al., 2018; Denager et al.,

2023). By extending the calibration targets beyond streamflow to include variables like

Land Surface Temperature (LST) or Snow Water Equivalent (SWE), the calibration process

could become more comprehensive.

3.4.2 Implication for Climate Change Assessment

As UCRB generates around 90% of runoff for the CRB, understanding the responses of

vegetation to climate change and forest management is fundamental to the water security of

the southwestern US. This chapter demonstrates the importance of dynamic GVF

parameterization which alters the redistribution of precipitation among hydrologic fluxes,

their interannual variabilities and seasonal patterns throughout the UCRB. Though remotely

sensed products do not show vegetation long-term trends during last decades in UCRB,

future climate conditions may introduce gradual or abrupt changes in vegetation

parameterization.

Climate changes can introduce adaptive responses in vegetation that provide feedback to

the climate system (Ramstein et al., 2017). It implies that future vegetation phenology and

type distribution may substantially differ from the historical patterns, e.g., earlier greening

(Lian et al., 2020), longer duration of the active vegetation-growing season (Kunkel et al.,

2004; Liu et al., 2018; Grossiord et al., 2022), shifts in vegetation types (Sturm et al., 2001;

Kelly and Goulden, 2008). Although some earth system models that provide climate change

projections already incorporate dynamic models of vegetation or land cover (e.g.,

MIROC-ESM, HadGEM2-ES, IPSL-CM5B-LR), in offline LSMs or large hydrological

models, the common practice has been to use LAI/GVF climatology derived from

multi-year monthly averages over historical periods (Christensen et al., 2004; Christensen
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and Lettenmaier, 2007; Harding et al., 2012; Currier et al., 2023). Static configurations may

not adequately capture the potential dynamic changes in vegetation over a long-term future

projection, thereby challenging its predictability under climate change. Inadequate

representations of vegetation dynamics in hydrological models and uncoupled LSMs

potentially result in biased estimations of water availability.

It is worthwhile to consider replacing static vegetation climatology with time-varying

vegetation characteristics in model configurations for more reliable climate change

assessments. A feasible way involves establishing a statistically based empirical

relationship using satellite-derived vegetation indices. Grounded in observational data, it

allows the models to capture the evolving vegetation dynamics projected into the far future,

although the extrapolation of past observations to the future does come with inherent

uncertainty. Alternatively, some models, such as SWAT and Noah-MP, already come

equipped with dynamic vegetation modules. These modules simulate vegetation dynamics

based on a theoretical understanding of ecological and physiological processes. When

appropriately calibrated, they can effectively reflect the shifting vegetation patterns and

provide mechanistic insights into how vegetation might respond to a changing climate. It is

of note that when implementing a dynamic vegetation configuration, there may be a need

for concurrent updates to other information such as land use and land cover (LULC). As

discussed in Section 3.4.1, the interplays between vegetation parameters and other model

parameters (particularly those related to soil) are likely to shift, requiring recalibration

efforts.

3.4.3 Deep Learning-based Surrogate Model for LSMs

In physically based LSM model computing, the runoff generation process in grid cells

generally operates independently without lateral interaction and is therefore feasibly

parallelizable. Likewise, deep learning calculations can be efficiently executed on GPUs in
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batches, significantly reducing computational time costs. In this chapter, a single forward

run for all UCRB grid cells (over 2,000 at a 1/8th degree spatial resolution) during the entire

simulation period (1979-2016) on a daily scale with the LSTM emulator takes mere 4

seconds using a single NVIDIA Quadro RTX 5000 GPU. This approach accelerates the

parameter calibration process in this study, highlighting the effectiveness of deep

learning-based surrogate models in expediting uncertainty quantification for process-based,

distributed hydrological models, which typically demand substantial computational

resources.

For successful surrogate model applications, both speed and accuracy are essential,

necessitating large amounts of training data to achieve the required accuracy in replicating

simulation outputs when constructing machine learning emulators (Kasim et al., 2021).

The computational cost challenges shift toward building a high-fidelity emulator with a

limited range of training data. On one hand, the effectiveness of surrogate models in

capturing the relationship between hydrologic inputs and outputs hinges on selecting an

appropriate sampling approach and a suitable sample size. While the author utilizes LHS

to generate 1,000 parameter samples in this study, a smaller sample size, approximately

20 times the number of parameters, is often adequate for pinpointing sensitive parameters

(Wang et al., 2023). This can further facilitate the more streamlined construction of the

surrogate within a given uncertainty quantification framework, especially when constructing

surrogate models at regional to continental scales with high spatial heterogeneity. On

the other hand, the machine learning model architecture is crucial. The right architecture

provides suitable priors for a given problem. LSTM-type architectures are well-suited

for emulating surface hydrologic process model physics due to their similar structures

involving outputs and states, whereas convolutional architectures (CNN) are natural solvers

for Partial Differential Equations (PDE) and suitable for groundwater modeling surrogates.

Combining the strengths of LSTM and CNN presents a novel possibility for building
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distributed hydrological model emulators (e.g., Yang et al., 2019a; Tang et al., 2021), which

could capture the spatiotemporal dynamics between hydrologic responses and predictors,

particularly in cases involving surface-groundwater interactions.

Surrogate models exhibiting high accuracy can adeptly mimic the physics of specific

process-based models, thereby expediting parameter calibration. This advantage can also be

harnessed to the model recalibration process after replacing the static climatological

parameterization with the time-varying satellite dataset. Nevertheless, surrogate-based

parameter calibration has limitations. Firstly, there is a possibility of bias in surrogate

models, as they may not fully replicate the complex processes of the original models. If the

surrogate does not exactly represent the interplay between parameters and hydrologic

inputs, the calibrated parameter derived from a biased surrogate could also be biased.

Secondly, surrogates cannot address the intrinsic limitations of process-based models. For

example, surrogate-based calibration does not inherently resolve the equifinality (i.e.,

different parameter combinations produce similar results, Beven, 2006) dilemma.

Nevertheless, even with further recalibration efforts, the use of different remotely sensed

vegetation products in place of climatological parameterization could lead to vastly different

recalibrated parameter sets, though they may yield very similar evaluation metrics.

Additionally, site-specific calibration often results in inconsistent and non-contiguous

parameters across geographically similar, adjacent areas (Yang et al., 2019b). This issue

also remains unresolved with surrogate-based calibration. In response, recent developments

like the differentiable parameter learning (dPL) approach proposed by Tsai et al. (2021)

offer a novel method. This method bypasses traditional calibration, instead utilizing deep

learning platforms to expedite parameter estimation (the hydrologic models have been

directly implemented in the platforms supporting automatic differentiation). It preserves the

physical integrity of the hydrologic processes and derives more meaningful and coherent

parameter sets based on regional information.
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Although surrogate-based parameter calibration has its drawbacks, it still serves as an

efficient tool for complex or computationally expensive models, such as Variable Infiltration

Capacity (VIC, Liang et al., 1994) or other distributed models (Tsai et al., 2021). It is

particularly relevant considering the effort required to translate original LSMs (typically

written in Fortran or C++) into Python for implementation in deep learning platforms.

Besides parameter calibration, the highly accurate surrogate model can be effectively

employed as a diagnostic tool for generating hydrologic predictions. This enables easy

implementation of data fusion and assimilation. Such a model simplifies the process of

substituting specific data chunks, which might be challenging to integrate into a

process-based model without extensive code modifications. This flexibility can broaden the

scope for exploring new scientific questions. A practical example is the web-based

HydroGEN platform (Condon et al., 2021). The platform employs ML emulators to

generate user-tailored seasonal to annual hydrologic scenarios for both groundwater and

surface water systems by leveraging observations and advanced physics-based hydrologic

models.

3.5 Conclusions

This chapter quantifies the impacts of dynamically varying vegetation on the spatial and

temporal patterns of hydrologic processes, using the UCRB as a test case. The machine

learning-based surrogate model accurately reproduces the physical processes represented by

Noah LSM and allows computationally efficient fusing of vegetation parameters (i.e., GVF

in this chapter) from multiple remotely sensed products. Without considering year-to-year

variable vegetation dynamics, the static monthly climatological GVF configuration of Noah

LSM misses the vegetation response to hydroclimatic variability, leading to underestimated

water yield (as much as 14%). In this semi-arid and arid UCRB, various remote sensing

products consistently predict that changes in biotic ET components (i.e., transpiration
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and canopy evaporation) outweigh the changes in abiotic ET components (i.e., bare soil

evaporation). As the abiotic ET component exhibits two peaks in April and August and

biotic ET components have a single peak in July, the static monthly climatological GVF in

Noah LSM may not fully represent the seasonal patterns in the UCRB.

Through incorporating satellite-derived time-varying vegetation indices into Noah LSM,

this chapter highlights the importance of representing the response of vegetation to climate

forcing variability. This chapter highlights the additional two mechanisms of vegetation in

modifying hydrologic fluxes by 1) buffering effect to the climate interannual variability and

2) modifying the hydrologic seasonal patterns with different biotic and abiotic ET

components. Therefore, vegetation responses to climate should be explicitly (either

statistically or mechanistically) represented to predict the future hydrologic changes in the

UCRB.
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Chapter 4

ASSESSING THE EFFECTIVENESS OF EXISTING RESERVOIR MANAGEMENT

AND IDENTIFYING REALLOCATION OPPORTUNITIES UNDER CLIMATE

CHANGE

4.1 Introduction

Climate change is reshaping the hydroclimatic landscape, altering precipitation patterns

(Muller and O’Gorman, 2011), evapotranspiration characteristics (Milly and Dunne, 2016),

runoff regimes (Döll and Schmied, 2012) and terrestrial water storage (Pokhrel et al., 2021).

These alterations can affect future water availability and demand (Schewe et al., 2014;

Konapala et al., 2020; Caretta et al., 2022), raising concerns about water management under

a changing climate (Milly et al., 2008a; Cosgrove and Loucks, 2015). Reservoirs, as one of

the fundamental water infrastructures, are not immune to these changes. In the nation, more

than 92,000 dams constitute the cornerstone of water resources management for various

purposes, including flood mitigation, water supply, navigation, hydroelectricity generation,

recreation, and environmental flow (National Inventory of Dams, nd). However, the reservoir

storage capacity and companion operation rules derived from historical hydrologic records

(usually with limited record length) may fall short of accounting for the full spectrum

of probable hydrologic variability and change (Ho et al., 2017). For example, the 1922

Colorado River Compact was based on an anticipated average annual flow of 16.4 million

acre-feet (MAF) measured from the relatively wet two decades at the beginning of the

20th century (Castle et al., 2014). However, subsequent tree ring studies have revealed

lower long-term average annual flows for the Colorado River, ranging between 13.2 MAF

(Hidalgo et al., 2000) and 14.3 MAF (Woodhouse et al., 2006). As a result, Lake Powell
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only reached its full capacity once in 1983 since its commission. Current reservoir systems

on the Colorado River suffer from the overestimated water availability, which is further

exacerbated by the ongoing Millennium Drought. Given inadequate historical records and

non-stationary future climate, an inquiry emerges from reservoir operation stakeholders: Are

de facto reservoir storage and operation rules, the backbone of modern water infrastructure,

adequate to fulfill designed objectives under future climate?

Man-made dams and reservoirs function as coupled nature-human systems (Liu et al.,

2007), where both system capacity and operation policy are the outcomes of natural (e.g.,

hydrologic variations) and anthropogenic drivers (e.g., operation targets, construction costs).

Reservoir operation policies are mostly derived from optimality under a set of objective

functions and constraints to tradeoff between the hydrologic variability and operation targets

(Giuliani et al., 2021). For example, the objective of maximizing water storage for supply

often conflicts with the need for flood control. During flood seasons, reservoirs must reserve

certain storage space to accommodate potential floodwaters, reducing the hydroelectricity

generation and water supply reliability for later uses (Krzysztofowicz and Duckstein, 1979;

Jain et al., 1992). Conversely, in dry periods, maximizing storage for water supply can

compromise the reservoir’s ability to handle sudden, heavy rainfall, posing flood risks

(Croley and Raja Rao, 1979; Ding et al., 2015). However, one of the key factors usually

missing in the analysis is the water footprint from reservoirs (i.e., represented by evaporative

loss), especially in arid- and semi-arid regions. Mekonnen and Hoekstra (2012) estimated

that the blue water footprint of a mere 8% of global hydroelectric capacity is equivalent to

10% of the water footprint for global crop production in 2000. The quantity of reservoir

evaporative loss is equivalent to 20% of the global annual consumption of water use (Zhao

et al., 2022). The non-beneficial evaporative water loss is also an outcome of this coupled

nature-human system, arising from interplays between hydrologic variability (e.g., seasonal

inflow patterns and potential evapotranspiration), reservoir characteristics (e.g., reservoir
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head-area-volume relationship), and human management decisions (e.g., release schedules,

conservation strategies). Despite the significant amount of reservoir evaporative loss, it

remains unclear whether hydroclimatology and operation policy jointly affect reservoir

evaporative loss and further contribute to the re-operation of reservoirs. Knowing the

dominant factors and their temporal patterns in controlling reservoir evaporative loss will

enable quantifying the tradeoffs among reservoir performances and the water footprint.

The challenges from the changing climate and potential benefits of reservoir re-operation

pose the urgent need for examining options for adaptative reservoir management. Expanding

reservoir infrastructure capacity would be one solution, but it is expensive under various

physical and financial constraints (Iglesias and Garrote, 2015). Another more viable avenue

is to reallocate existing reservoir storage capacity among various project purposes (Carriere

and Wurbs, 1988; Wurbs et al., 1990). Reallocation is the redistribution of a reservoir’s water

storage across its pools to address significant, long-term operational changes or specific

requirements. The United States Army Corps of Engineers (USACE) has implemented

161 reservoir pool reallocations at 56 reservoirs for water supply by raising the top of

the designated conservation pool, thus prioritizing water conservation purposes over flood

control during dry seasons (Doyle and Patterson, 2019). Reservoirs with a distinct seasonal

operation pattern would most likely benefit from seasonal pool reallocation, such as those in

Texas. For example, a seasonal-varying operation rule curve was planned and implemented

to replace the original constant conservation pool since 1990 in the Wright Patman Reservoir,

TX, allowing the conservation pool elevation to increase from an original 220.6 ft to a higher

level of 227.5 ft between April 1 and June 1. Summertime water storage capacity surged from

122,639 to 310,428 acre-feet, providing a much larger room for water reservation to mitigate

drought conditions. Therefore, reservoir reallocation provides a promising approach for

adaptative management under future climate with existing reservoir infrastructure. However,

it remains unclear how to identify the strategies (e.g., timing and amount) of reservoir
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reallocation to enhance the overall system performance.

With the pressing needs discussed above, this chapter aims to investigate the challenges

and opportunities of reservoir infrastructure and operation policy under a changing climate.

Specifically, this chapter will address the following research questions. First, are current

reservoir infrastructure and operation policy sufficient to mitigate hydrologic changes under

future climate to achieve designed operation goals? This chapter will build data-driven

models to represent the reservoir manager’s operation decisions. The data-driven reservoir

operation models will be driven by projected hydroclimatic forcings to evaluate the system

performances (e.g., flood risk reduction and water supply reliability) under future climate

scenarios. Second, how do hydroclimatic variation, reservoir characteristics, and operation

policy jointly determine the reservoir evaporative loss? A better understanding of reservoir

water loss under interactions between hydroclimatic and anthropogenic drivers can further

indicate the opportunities to evaluate tradeoffs and synergies among operation targets. This

chapter will incorporate reservoir evaporation processes into the data-driven reservoir model

to represent the interactions between natural and operational components of reservoir

dynamics. Third, can opportunities be identified for reservoir re-operation strategies (e.g.,

reallocation of storage pools) to enhance the system performance with the de facto

infrastructure? This chapter will focus on the strategies of seasonal-varying (i.e., in terms of

timing and amount) reservoir conservation pool reallocation, which is mostly viable for

real-world reservoir adaptive management. This chapter applies the generic framework and

methods to reservoir systems in Texas as a case study due to the complexity of the

hydroclimatic regime and the significance of mitigating hydrologic extremes (e.g., floods

and droughts). In Texas, surface water makes up almost two-thirds of the total existing

water supply (8.9 million acre-feet per year) for municipal, manufacturing, steam-electric,

and mining users (Texas Water Development Board, 2021). The operation target may

switch from flood control to water conservation within a short period (e.g., weeks) due to
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the quick shift from flood season to dry season. The arid- and semi-arid climate also

exemplifies the importance of evaporative loss in reservoir operation.

4.2 Methods

4.2.1 Data-driven Reservoir Operation Models under Hydroclimatic and Anthropogenic

Forcings

This chapter focuses on a set of 21 reservoirs located in eastern Texas, which are owned

and operated by the USACE Tulsa District and Fort Worth District (details in Table 4.1).

To construct the data-driven reservoir operation models that mimic the existing regulatory

rules, this chapter utilizes the standardized database for historical daily reservoir levels and

operations of USACE reservoirs developed by Patterson and Doyle (2018). These observed

records include daily reservoir storage volume (acre-feet, af), inflow (cubic feet per second,

cfs), and release (cubic feet per second, cfs) for each reservoir. Gaps in the dataset are

filled using nearest neighbor interpolation. The output variables of our data-driven models

include reservoir release, evaporative loss, and water storage. The model forcings include

reservoir inflows, air temperature (as a proxy for potential evaporation Livneh et al., 2015),

and reservoir water level (as a system state variable). Specifically, the author includes

the current inflow, the previous 7-day inflow history, and accumulated inflow volumes

for the preceding 15, 30, 90, 180, and 365 days. Recent instantaneous inflows represent

the short-term hydrologic variability to capture flood mitigation-related release decisions,

while accumulated inflow volumes represent the trend of water availability for water supply

operations. The author also includes static inputs including reservoir conservation capacity

and dead pool capacity to represent the reservoir infrastructure constraints. All water-related

variables are converted to million cubic meters (mcm). This chapter applies the Long

Short-Term Memory (LSTM, Hochreiter and Schmidhuber, 1997) to produce three daily
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outputs: storage, evaporation, and release. While some studies use reservoir water storage

as an input in data-driven models (Yang et al., 2016, 2021; Longyang and Zeng, 2023b), it

is noted that reservoir water storage level (a state variable) needs to be explicitly represented

in the reservoir model to capture reservoir performance under future climate. This chapter

updates daily reservoir storage in the simulation loop (i.e., simulated storage in the previous

day storage is fed as one of the inputs for the current day’s reservoir operation decision),

which can be expressed as

ht ,ct = LSTMCell(Xt)

St = FC(ht)

Et = FC(Xt ,St)

Rt = FC(Xt ,St)

(4.1)

where LSTMCell is the LSTM layer, FC is the fully connected layer, Xt represents the model

inputs, St is reservoir storage, Et is the reservoir evaporation, Rt is the reservoir release,

ht and ct are hidden states and cell memory in the LSTM, respectively. A comprehensive

description of the LSTM architecture can be found in Section 2.2.3 Eqn. 2.2. This approach

avoids calculating storage based on reservoir water balance where some water budget

items (e.g., diversion and leakage) are not available. The author further implements the

physics-constrained loss function to prevent potential unreasonable extrapolation, i.e.,

L =
1
T

T

∑
t=1

(
Rt − R̂t

)2
+

1
T

T

∑
t=1

(
St − Ŝt

)2
+

1
T

T

∑
t=1

(
Et − Êt

)2

+λ1 ·max
{

Ŝt −FP,0
}
+λ2 ·max

{
DD− Ŝt ,0

} (4.2)

where R̂t , Ŝt , and Êt are simulated reservoir release, storage, and evaporation, respectively,

FP and DD are the top of flood control pool and the top of the deadpool, λ1 and λ2 are

the penalty coefficients which controls the importance of the penalty terms. The two

penalty terms are utilized to ensure the simulated storage remains within a reasonable range:

specifically, it does not exceed the flood control pool’s top nor fall below the dead pool’s
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top. 60% of data records are used during the training process, 10% of them for validation,

and the rest for testing. The Nash-Sutcliffe Efficiency (NSE, Nash and Sutcliffe, 1970) of

the three outputs time series (storage, evaporation, and release) is applied to evaluate model

performance. The well-trained reservoir operation models represent the actual reservoir

operation decisions implemented by reservoir managers under the hydroclimatic variability

and infrastructure capacity constraints.

The future climate forcings are dynamically downscaled six GCMs outputs (i.e.,

ACCESS-CM2, BCC-CSM2-MR, CNRM-ESM2-1, MRI-ESM2-0, MPI-ESM1-2-HR, and

NorESM2-MM, details in the Supplementary Materials Table 4.2) in CMIP6 under the

Shared Socioeconomic Pathways (SSP) 585 emission scenarios (Rastogi et al., 2022). The

bias-corrected 3-hourly climate forcings are fed into the calibrated Variable Infiltration

Capacity (VIC) model version 5 (Hamman et al., 2018) with 1/24◦ (around 4 km) spatial

resolution to simulate runoff (Kao et al., 2022). The author aggregates runoff generated in

the upstream watershed of reservoirs to generate reservoir inflow. Future air temperature is

obtained from Rastogi et al. (2022). It is noted that the future climate from SSP 585

represents a high CO2 emission scenario with no mitigation policies (O’Neill et al., 2016).

Therefore, this chapter primarily focuses on the effectiveness of current reservoir

management strategies under the most extreme future scenario in this chapter. In the

assessment under future scenarios, all reservoirs retain their conservation pool capacity the

same as that in 2023. The author also includes sedimentation scenarios following the

projected rating curve developed by Zhu et al. (2018a).

Reservoir reallocation is simulated by allocating 5% of reservoir storage capacity from

the flood control pool to the water conservation pool to enhance water supply performance

at the expense of a potential increase in flood risk. This chapter tests reallocation scenarios

each month and year-round to illustrate the reallocation strategies under interactions between

hydroclimatic and operational factors.
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Table 4.1: Investigated Texas reservoirs featured in this chapter. NIDID represents the
National Inventory of Dams identification number for the dam.

NIDID Reservoirs District Watershed Purpose

TX00001 Bardwell Fort Worth Trinity Flood Control, Water Supply

TX00002 Belton Fort Worth Brazos Flood Control, Irrigation,

Water Supply

TX00003 Benbrook Fort Worth Trinity Flood Control, Water Supply

TX00004 Canyon Fort Worth Guadalupe Flood Control, Low Flow

Augmentation, Water Supply,

Fish-Wildlife

TX00005 Grapevine Fort Worth Trinity Flood Control, Water Supply

TX00006 Hords Creek Fort Worth Colorado Flood Control, Water Supply

TX00007 Lavon Fort Worth Trinity Water Supply, Flood Control

TX00009 Navarro Mills Fort Worth Trinity Water Supply, Flood Control

TX00010 Proctor Fort Worth Brazos Flood Control, Water Supply

TX00013 Somerville Fort Worth Brazos Flood Control, Water Supply

TX00014 Stillhouse Hollow Fort Worth Brazos Flood Control, Water Supply

TX00016 Waco Fort Worth Brazos Flood Control, Water Supply

TX00020 Lake O’ the Pines Fort Worth Cypress Water Quality, Flood Control,

Water Supply

TX00021 Wright Patman Fort Worth Sulphur Flood Control, Water Supply,

Low Flow Augmentation

TX04359 Pat Mayse Lake Tulsa Red Flood Control, Water Supply

TX08004 Aquilla Fort Worth Brazos Flood Control, Water Supply,

Fish-Wildlife

TX08005 Granger Fort Worth Brazos Water Supply, Flood Control

TX08006 Georgetown Fort Worth Brazos Flood Control, Water Supply

TX08007 Joe Pool Fort Worth Trinity Water Supply, Flood Control

TX08008 Ray Roberts Fort Worth Trinity Flood Control, Water Supply,

Water Quality

TX08012 Jim Chapman Fort Worth Sulphur Flood Control, Water Supply
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Table 4.2: List of CMIP6 GCMs used in this chapter. Modified from Rastogi et al. (2022).

CMIP6 GCM name Spatial resolution Ensemble member GCM institute

ACCESS-CM2 144×192 r1i1p1f1 The commonwealth Scientific

and Industrial Research

Organization, Australia

BCC-CSM2-MR 160×320 r1i1p1f1 Beijing Climate Center

CNRM-ESM2-1 256×128 r1i1p1f2 French Center National de la

Recherche Scientifique

MRI-ESM2-0 160×320 r1i1p1f1 Meteorological Research

Institute Japan

MPI-ESM1-2-HR 192×384 r1i1p1f1 The German Climate

Computing Center

NorESM2-MM 192×288 r1i1p1f1 Multi-institutional,

coordinated climate research

project in Norway

4.2.2 Characterizing Hydrologic Extremes and Reservoir Operation Performance

Since most reservoirs in the study area serve both flood control and water conservation

purposes, this chapter investigates both flood mitigation and reservoir storage as reservoir

operation performance indices. Flood control performance is evaluated by comparing

reservoir inflow and release. This chapter defines a flood event as when the streamflow

exceeds the 90th percentile of historical data, with a prescribing time lag of at least 10 days

between such events. The start and end of an event are marked by the discharge exceeding the

threshold before the peak occurrence and falling below the threshold after peak occurrence,

respectively. For each flood event, this chapter defines its characteristics including peak

discharge (cubic meters per second, cms) and duration (days) (for an illustration see Figure

4.1).
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Figure 4.1: Flood characteristics (peak and duration). A flood event is defined as when the
inflow exceeds the 90th percentile of historical data, with a prescribing time lag of at least
10 days between such events. The start and end of an event are marked by the discharge
exceeding the threshold before the peak occurrence and falling below the threshold after
peak occurrence, respectively.

The water supply performance at each reservoir is summarized by the reliability,

resiliency, and vulnerability of the reservoir storage time series defined in (Hashimoto et al.,

1982). This chapter uses 70% of the conservation pool water supply target, aligning with the

Texas Water Development Board’s (TWDB) Texas water conditions reports, which label

reservoirs as in a “Normal to High” condition when over 70% of their conservation storage

capacity is filled. Reliability measures the likelihood that a reservoir can fulfill its water

supply target calculated as the percentage of days when reservoir storage is at least 70% of

its conservation pool. Resiliency measures how quickly a reservoir recovers from failure

states when the storage level is less than 70% of its conservation storage capacity.

Vulnerability quantifies how severe the consequences of failure may be (how unfilled the

reservoir is), calculated as the proportion of the shortfall (amount of water required to reach

70% of the conservation pool) to the total capacity of the conservation pool.

The trained data-driven models (representing the existing operation policy) are driven by

each projected climate forcings in the historical period (1980-2014) to represent baseline
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performance and future period (2015-2059) to represent future performance. This allows

the evaluation of reservoir performance under consistent climate change scenarios.

4.2.3 Structure Equation Modeling (SEM) for Reservoir Storage Shortages under High

Inflow Conditions

This chapter utilizes Structural Equation Modeling (SEM) to disentangle the complex

relationships among hydrologic variability, operation strategies, evaporation, and reservoir

storage shortages. As a robust multivariate statistical tool, SEM enables the simultaneous

examination of multiple observed and latent variables (Kline, 2023). It combines factor and

path analysis for comprehensive cause-effect modeling (Bollen and Pearl, 2013). In our

SEM model, the author establishes ‘StorageDrought’ as a latent variable, measured by three

observed metrics: the frequency, duration, and magnitude of occasions when reservoir water

levels fall below 70% of the conservation capacity. This chapter particularly focuses on

the role of high flow (defined as flows exceeding the 70th percentile of historical inflow)

in potentially mitigating storage drought. For this, the author introduces ‘HydroCondition’

as another latent variable, measured by the frequency, duration, and magnitude of high

inflow events. Reservoir management practices during flood seasons aim to conserve

water and lessen storage drought risk. The author thus introduces a third latent variable,

‘OperationStrategy’, measured by the frequency, duration, and magnitude of water-release

events. Reservoir evaporation is included as a factor exacerbating storage drought, with all

variables analyzed on a monthly scale.

4.3 Results

The trained reservoir operation models demonstrate robust performance across most

reservoirs investigated in this chapter, as detailed in Figure 4.2. The median NSE values

on the test set for reservoir storage (or reservoir water level), evaporative loss, and water
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release are 0.991, 0.984, and 0.938, respectively. To evaluate the performance of the current

reservoir operation policy in terms of flood control and water supply under future climate,

this chapter runs the trained reservoir model with baseline and future streamflow from the

downscaled hydroclimatic models.

Figure 4.2: (a) Performance of reservoir operation models. The median NSE values on the
test set for reservoir storage (or reservoir water level), evaporative loss, and water release
are 0.991, 0.984, and 0.938, respectively. (b) Spatial distribution of NSE for the selected
reservoirs in this chapter.

4.3.1 Performance of Current Reservoir Operation Policies for Flood Risk Mitigation and

Water Supply under Future Climate

The change of high flow conditions under future climate is evaluated based on the

differences between future (2020-2039 and 2040-2059) and baseline (1990-2019) periods’

reservoir inflows. There is a modest change (within a range of +/- 20%) for most reservoirs

in terms of the number and duration of flood events (Figrue 4.3a) compared to the baseline

period. However, all reservoirs are projected to experience larger flood peaks (rising by

between 2% and 62%), indicating a higher risk of more severe flood events upstream in the

future.
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Figure 4.3: (a) Changes in flooding indices calculated from reservoir future inflows relative
to baseline period; (b) Percentage changes in indices in flooding indices from reservoir
inflow and release during baseline and future period; (c) Percentage change in storage
indices attributable to climate change. The semi-violin plots illustrate the distribution of
percentage changes, while the semi-box plots indicate median values, as well as the first
and third quartiles (depicted by upper and lower box hinges). Whiskers show the range of
maximum and minimum values, excluding outliers. Individual dot points represent raw data
for each reservoir. “n=21” represents the number of selected reservoirs.
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This chapter compares the reservoir inflow and release to quantify the changes in flood

risks to evaluate the reservoir’s performance in mitigating flood risks. Existing operation

rules are largely effective in reducing flood risks across the baseline, near-future, and

mid-term future periods (Figrue 4.3b). Reservoirs manage to decrease the frequency of

flood events (around -10% to -80% across all 21 reservoirs for all periods) and reduce the

magnitude of flood peak flows (around -2% to -90%) by eliminating smaller floods and

reducing the magnitude of flood peak flows. The flood water is temporally saved in the

reservoir and released after the event, as indicated by extending the duration of events.

However, Pat Mayse Lake stands as an exception. It may be attributed to the largest shifts in

flow timing in the future (as detailed in Supplementary Materials Figure 4.4), specifically a

higher concentration of water flow in the flood season, particularly in the summer. This could

also highlight potential limitations in current management strategies for future conditions.

The impact of climate change on the water supply performance differs across reservoirs

(Figrue 4.3c). In the near future (2020-2039), water supply reliability will experience mild

changes (within ±15%), a trend poised to persist and amplify in the mid-term (2040-2059),

potentially benefiting from increasing incoming water quantities. The reservoir in Texas

tends to maintain the water level at the designated top of conservation pool elevation as

stream flows and water demands allow (Wurbs, 2021). Minor changes in reliability are

expected and align with the purposes of these reservoirs to provide a consistent water

supply. While reliability remains fairly stable, the resiliency and vulnerability of the 21

reservoirs are noticeably affected. In the near and mid-term future, under unchanged

operational rules, some reservoirs are projected to experience increased resiliency and

decreased vulnerability. However, not all reservoirs are resistant to future droughts. Some,

like Canyon Lake and Bardwell Lake, face a bleak future with declining resiliency and

heightened vulnerability, leading to severe failures and recovery difficulties. It would be

advantageous for managers to revisit and update the existing operation rules to better equip
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Figure 4.4: Trends in the spatial distribution of two metrics for the selected 21 reservoirs:
the center of volume day and the half flow interval. The center of volume day refers to the
day of the year by which half of the annual streamflow has passed. A decreasing trend in
this metric suggests that the midpoint of the annual streamflow is occurring earlier in the
year, meaning that a larger volume of water is flowing during the first half of the year. The
half flow interval is defined as the time span between the day a quarter of the year’s total
streamflow has passed, and the day three quarters of the annual streamflow has passed. A
decreasing trend in this interval indicates that this 50% of the total streamflow is happening
over a shorter time period, pointing to a higher concentration of water flow in the flood
season, particularly in the summer.

themselves against the anticipated higher risk of extreme events and potential degradation in

water supply performance.

4.3.2 Impact of Feedback between Operation Strategy and Hydrologic Condition on

Storage Drought and Evaporative Loss

The reservoir storage droughts shown in Figure 4.3c would be caused by intertwined

factors including inflow regime, evaporative loss, and reservoir release. For example, more

frequent high flows would lead to spilled flood water, which decreases the water stored in

the reservoir even with more inflow. High water levels under the conservation operation

target lead to a larger reservoir surface area and enhanced evaporative loss, which may result

in reservoir storage drought. The SEM analysis provides quantitative insights from the
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Figure 4.5: (a) Influence of hydrologic conditions, operation strategies, and evaporation
on storage drought at Grapevine Lake, as evaluated by a Structural Equation Model (SEM).
Latent variables are represented by ellipses, while observed variables appear in rectangles.
Standardized path values are displayed along each pathway; positive values are enclosed
in black boxes and negative values are in red boxes. Paths with a statistically significant
p-value below 0.05 are enclosed in a solid line box, while those with nonsignificant p-values
are enclosed in a dashed line box. (b) Summary of SEM path values for select reservoirs
investigated in this chapter. In the x-axis labels, “H” represents hydrologic conditions, “O”
denotes operation strategies, and “E” signifies evaporation. Statistically insignificant values
are shown as Not a Number.

machine learning reservoir model to attribute the hydroclimatic and operational factors on

reservoir storage drought. The SEM analysis implies that current management practices

adopted in Texas generally help in mitigating the risks of water shortages, thus facilitating

a stable water supply, while evaporation emerges as a deteriorating factor for the system

performance in many reservoirs. For example, in the case study of Grapevine Lake (Figure

4.5a), operation strategies for managing high inflow effectively alleviate storage drought
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(with a path value of -0.71); conversely, evaporation exacerbates storage drought (with a

path value of 0.09). Herein the path value measures the direct impact of one variable on

another within the model, where its magnitude reflects the strength of this effect and its

sign (positive or negative) denotes the nature of the relationship, similar to a regression

coefficient in linear regression. Figure 4.5b further summarizes the quantitative influence of

hydrological conditions, operation strategies, and evaporation on storage drought of selected

reservoirs. For most reservoirs, the current operation strategies stand as the paramount factor

in reducing storage drought occurrences. However, there are exceptions; a few reservoirs

either do not exhibit a statistically significant relationship with any of the factors examined

(e.g., Lake Waco) or show a higher correlation with other factors like evaporation (e.g.,

Canyon Lake) or hydrological conditions (e.g., Navarro Mills Lake). This may indicate

that operation strategies may be less effective in these reservoirs, requiring an update of the

current regulation rules to better capitalize on high inflow conditions.

The non-beneficial reservoir evaporative loss represents the water cost of reservoir

operation and will affect the tradeoffs among various operation targets. In a specific reservoir,

meteorological conditions and the reservoir water level (or surface area) jointly influence the

evaporative process over seasons. Monthly correlation analysis identifies dominant factors

influencing reservoir evaporation across seasons under the six climate-forcing scenarios, as

shown in Figure 4.6. The author categorizes the reservoirs into three groups based on the

dominant influencing factors: 1) storage-dominated (such as the Pat Mayse Lake), where the

water storage level is the principal determinant of evaporation; 2) temperature-dominated

(such as the Jim Chapman Lake), where temperature mainly governs evaporation all year

round; 3) seasonally-hybrid (such as the Lake Waco), where storage and temperature

alternately have a significant influence over different seasons. The different dominant factors

on reservoir evaporative loss also provide insights for adaptive reservoir operation in a

changing climate. For seasonally-hybrid reservoirs, temperature is the primary control from
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Figure 4.6: Influential determinants of reservoir evaporation, segmented by month and
informed by six GCMs, for the selected reservoirs examined in this chapter. Gray indicates
that storage is the dominant factor affecting evaporation for the corresponding month, while
red means that temperature plays a more significant role. The black solid line displayed on
the secondary axis represents the multi-year average storage.
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May to August, which implies that in summer, curbing evaporation by managing water levels

is largely unfeasible. Conversely, from September to December, usually the post-flooding

season, water level becomes a more important factor influencing evaporation. Therefore, any

decision to alter the conservation level for storing more water during these months should

be approached with caution to avoid inadvertently increasing the evaporative loss.

4.3.3 Opportunity and Strategies of Reservoir Reallocation to Tradeoff between Water

Supply and Flooding Control

Based on the analysis in Sections 4.3.1, and 4.3.2, reallocation strategies by adjusting

the existing conservation pool’s upper limits may prove additional benefits for water supply

performance without substantially raising the risk of downstream flooding and evaporation

loss. For example, for Lake Waco (Figure 4.7a), elevating the year-round conservation

capacity enhances the reservoir’s resiliency, with slight improvements in reliability and

vulnerability. This positive effect is notably observed in August, around the end of flood

seasons. Increasing the conservation pool level for the whole year only yields a slightly better

performance than the August adjustment. The adjustment in August enables the harnessing

of more floodwater during the final peak flows, subsequently delaying the onset of storage

recession below the original top of the conservation pool (Figure 4.7c). It facilitates a

more effective recovery from storage drought (i.e., the water level falling below 70% of

the conservation pool). Meanwhile, the elevated conservation pool does not significantly

escalate the threat of downstream flooding, with fluctuations remaining within a +/- 0.2%

range, highlighting the feasibility of adjusting the conservation capacity on a monthly or

annual basis (Figure 4.7b). Figures 4.9 and 4.10 in Supplementary Materials demonstrate

the feasibility of reallocation in other reservoirs, with nuanced differences among cases.

The optimal strategy for Lake Waco and Pat Mayse Lake is to temporarily elevate the

designated top of the conservation pool in August; however, Jim Chapman Lake benefits
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Figure 4.7: (a) Percentage change in water supply performance (reliability, resiliency,
vulnerability) in different storage reallocation scenarios in Lake Waco. (b) Percentage change
in downstream flood risk (duration, frequency, intensity) in different storage reallocation
scenarios in Lake Waco. (c) Changes in the onset of storage recession in different storage
reallocation scenarios in Lake Waco. The onset of storage recession is defined as the first
day the reservoir’s storage falls below the conservation level after a prolonged period of
sustaining at this level, and this recession should last for at least 14 days. (d) Hydrograph of
reservoir storage fluctuations between May 1st and September 30th, 2012. “All Year” refers
to a scenario involving year-round elevation of the conservation pool’s upper limit. Labels
from “Jan” to “Dec” indicate scenarios where the pool elevation is raised only during the
corresponding month. “Sed” represents a condition where sedimentation decreases available
storage.
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from a February adjustment, given its additional flood events during the winter months. This

adjustment for Jim Chapman Lake allows the reservoir to retain more floodwater following

winter flood events, with slightly reducing the flooding risk downstream (Supplementary

Materials Figure 4.10).

Quantifying the tradeoff between high inflow harvesting and evaporative losses is vital

for reallocation strategies to safeguard reservoir efficiency and stable water supply. The

water saving from reallocation would be counterbalanced by the high evaporation loss,

leading to negligible increases in the water supply performance. Taking Lake Waco as an

exemplar, compared to Figure 4.7a, supplementary Materials Figure 4.8 reveals that the

elevated conservation capacity level in September is counteracted by an increase in

reservoir evaporation. For Lake Waco (seasonally-hybrid type), September is a critical

period following the flood season, where the water storage predominantly controls the

reservoir evaporation, overshadowing the influence of temperature (see Figure 4.6).

Therefore, the analysis of dominant factors in Figure 2 and their temporal pattern in Figure

4.6 provides a quantitative simulation approach to develop reservoir reallocation strategies

by considering the tradeoffs and synergies among the temporal characteristics of

hydroclimatic and operational factors. It is noted that sedimentation (such as reduction in

active reservoir storage) stands as an additional threat to reservoir operation performance

besides evaporation. For Lake Waco, the reservoir sedimentation-induced capacity loss

tends to adversely affect both resiliency (-13.2%) and vulnerability (+1.6%). This drawback

can negate the benefits offered by reallocation strategies, hinting at the potential merits of

sediment removal for the system’s sustainability (Kawashima, 2007). While sedimentation

slightly elevates the flooding risk downstream by intensifying its frequency, this increment

is relatively minor, recorded at +3.8%.
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Figure 4.8: (a) Percentage change in water supply performance (reliability, resiliency,
vulnerability) in different storage reallocation scenarios (without considering the impact
of evaporation) in Lake Waco. (b) Percentage change in downstream flood risk (duration,
frequency, intensity) in different storage reallocation scenarios in Lake Waco. (c) Changes
in the onset of storage recession in different storage reallocation scenarios in Lake Waco.
The onset of storage recession is defined as the first day the reservoir’s storage falls below
the conservation level after a prolonged period of sustaining at this level, and this recession
should last for at least 14 days. “All Year” refers to a scenario involving year-round elevation
of the conservation pool’s upper limit. Labels from “Jan” to “Dec” indicate scenarios
where the pool elevation is raised only during the corresponding month. “Sed” represents a
condition where sedimentation decreases available storage.
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Figure 4.9: (a) Percentage change in water supply performance (reliability, resiliency,
vulnerability) in different storage reallocation scenarios (considering the impact of
evaporation) in Pat Mayse Lake. (b) Percentage change in downstream flood risk (duration,
frequency, intensity) in different storage reallocation scenarios in Pat Mayse Lake. (c)
Changes in the onset of storage recession in different storage reallocation scenarios in Pat
Mayse Lake. The onset of storage recession is defined as the first day the reservoir’s storage
falls below the conservation level after a prolonged period of sustaining at this level, and
this recession should last for at least 14 days. “All Year” refers to a scenario involving
year-round elevation of the conservation pool’s upper limit. Labels from “Jan” to “Dec”
indicate scenarios where the pool elevation is raised only during the corresponding month.
“Sed” represents a condition where sedimentation decreases available storage.
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Figure 4.10: (a) Percentage change in water supply performance (reliability, resiliency,
vulnerability) in different storage reallocation scenarios (considering the impact of
evaporation) in Jim Chapman Lake. (b) Percentage change in downstream flood risk
(duration, frequency, intensity) in different storage reallocation scenarios in Jim Chapman
Lake. (c) Changes in the onset of storage recession in different storage reallocation scenarios
in Jim Chapman Lake. The onset of storage recession is defined as the first day the reservoir’s
storage falls below the conservation level after a prolonged period of sustaining at this level,
and this recession should last for at least 14 days. “All Year” refers to a scenario involving
year-round elevation of the conservation pool’s upper limit. Labels from “Jan” to “Dec”
indicate scenarios where the pool elevation is raised only during the corresponding month.
“Sed” represents a condition where sedimentation decreases available storage.

107



4.4 Discussion

4.4.1 Climate Change Uncertainty

The uncertainty in decision-making regarding future hydroclimatological outcomes

arises from various sources: SSP scenarios, GCMs, downscaling methods for local weather

conditions from coarse-resolution simulations, bias-correction techniques, and hydrologic

models (Nielsen-Gammon et al., 2020). Focusing on the SSP585 scenario, which is the

most severe climate projection with an anticipated additional radiative forcing of 8.5 W/m2

by 2100, this chapter examines its implications for reservoir management in mitigating

flood risks and securing water supply under extreme climate conditions. Characterized

by a high reliance on fossil fuels and resource-heavy lifestyles (Masson-Delmotte et al.,

2021), SSP585 presents pressing challenges for water resource management. Expanding the

scope, other scenarios such as SSP126 (“Sustainability”, adding 2.6 W/m2 radiative forcing

by 2100), SSP245 (“Middle of the road”, with 4.5 W/m2), SSP370 (“Regional rivalry”,

reaching 7 W/m2), and SSP460 (“Inequality”, with 6 W/m2), cover a spectrum of possible

future conditions for water management. Further investigation under these scenarios can

provide a broader probability range with different levels of climate protection measures,

spanning from optimistic to more moderate future outcomes. However, the efficacy of

such investigations hinges on the reliability of climate models. The six GCMs selected

for this chapter have relative independence and low structural similarity, which should

enhance the degree of confidence in climate projections (Pathak et al., 2023). Despite this,

as noted by Ashfaq et al. (2022), these models have limitations in simulating seasonal mean

precipitation and temperature for the South and West U.S. regions. Furthermore, although

dynamic and statistical downscaling methods are similarly effective in correcting historical

climate simulations, the projected precipitation extremes based on Livneh (Livneh et al.,

2015) as the reference data tend to be underestimated (Rastogi et al., 2022), potentially
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leading to underestimated flood risk assessments in our study. Additionally, bias correction,

which primarily adjusts the monthly distribution of precipitation and temperature, may

overlook interannual variability (Kao et al., 2016). Coupled with the potential biases in

hydrologic modeling due to variations in spatial resolution and parameterization (Kao

et al., 2022), the uncertainty in hydrological outcomes may be further compounded. This

highlights the importance of cautious interpretation in applying these models to water

resource management, considering the uncertainties inherent in climate change projections.

4.4.2 Reservoir Operation Targets

Evolving operational targets and water demand can present a mix of opportunities and

challenges for future reservoir management. This chapter assesses whether current reservoir

operation rules can continue to meet their targets amid a changing climate. It is assumed that

the designated operational purposes of the reservoirs will remain unchanged in the future.

However, these purposes may evolve, either realigning operational priorities or expanding to

include new objectives (e.g., adding a hydropower component for hydroelectric generation,

or allocating environmental flow for downstream ecosystem protection). Hadjerioua et al.

(2012) highlight that several non-power dams in Texas (including Belton Lake, Livingston

Dam, etc.) have the potential to generate significant amounts of clean, reliable hydropower,

with the estimated annual average generation ranging from 59,153 to 327,233 MWh. As a

case in point, Livingston Dam underwent modifications by adding three 8-MW Kaplan-type

turbine-generator units, which began commercial operations on July 14, 2020, and now

produce sufficient clean electricity to supply around 12,000 households in East Texas

(Chase-Israel, 2022). Such modifications could be implemented in other dams in the future

as well, potentially leading to a shift in the original purposes and operational strategies of

these reservoirs. While this could ease pressure on the power system, it might also heighten

the trade-offs between hydropower generation and flood control (Opperman et al., 2022).
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Due to data and model limitations, this chapter refrains from directly modeling specific

demands such as crop requirements or municipal and industrial (M&I) water demand.

Instead, the author assumes that these aspects are implicitly embedded in the historical

records, which have guided operators to meet water supply targets in the past. In fact, per

capita water usage does not always align predictably with population growth, making it

challenging for data-driven models to reasonably represent these complex dynamics. An

example of this is seen in Texas, where remarkable water conservation efforts have led to

a notable decrease in average municipal water consumption per person, from 175 gallons

daily in 2000 to 138 gallons in 2015 (a reduction of around 21%), as reported by the Texas

Water Development Board. Continuing water conservation efforts in the future could help

alleviate stress on water supply systems.

A caveat is that this chapter does not account for the evolving nature of water rights,

regulations, and laws, which can change in response to various environmental and societal

factors. It is promising for future work to incorporate details from region-specific water

management models, such as the Water Availability Model (WAM, Wurbs et al., 2005),

which contains the Water Rights Analysis Package (WRAP) executable programs for

individual Texas river basins.

4.4.3 Forecast-informed Reservoir Operation (FIRO)

Effective management strategies to enhance the water supply performance may further

benefit from incorporating accurate forecasting information. The storage reallocation

strategies examined in this chapter are based on historical data, overlooking real-time

meteorological and hydrological forecasts. In the future, the actual flood season patterns

may deviate from historical expectations. This deviation could pose water management

challenges, such as unanticipated flood damages (i.e., if the flood season is delayed and

the actual flood season is longer than a regular one, a flood event occurs beyond a regular
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flood season, Ding et al., 2015) or prolonged droughts (i.e., if the actual flood season ends

earlier than a regular one, the dry season will be extended). Forecast-informed reservoir

operation (FIRO) is a management strategy that leverages watershed monitoring data along

with advanced weather and streamflow forecasts to aid water managers in making informed

decisions based on current and anticipated conditions (Jasperse et al., 2020; Delaney et al.,

2020). Short-term forecasts are informative for a water reservoir system primarily operated

to fulfill the short-term objective (e.g., flood control). They equip the system operators

with the foresight needed to prepare buffer storage for mitigating the upcoming flood peak

and thus minimizing flood damages (Wang et al., 2012; Raso et al., 2014; Zhao et al.,

2014). Medium to long-term forecasts offer valuable insights for reservoirs serving the

purpose of water supply, which is typically characterized by slower dynamics that unfold

over extended periods (Denaro et al., 2017). Recent initiatives in FIRO have demonstrated

the potential of utilizing forecasted rainfall and real-time reservoir inflow data to optimize

water management (Konieczki et al., 2017; Delaney et al., 2020; Zarei et al., 2021). By

taking advantage of accurate forecasts, the reservoir system in Texas can more effectively

utilize the last flood event of each season to replenish the conservation pool instead of

releasing water downstream, thereby enhancing water storage benefits. This strategy can

simultaneously meet flood control objectives and water supply needs.

While FIRO is viewed as a cost-effective method for ensuring water supply and

reducing flood impacts, its adoption in Texas is limited due to specific challenges, including

limitations in forecast accuracy and specificity, infrastructural and operational constraints

facing reservoir operators, and information gaps between forecast providers and operators

(Fernando et al., 2020). The expansive geographical scale and climatic diversity of Texas

present a huge challenge for accurately predicting storm systems that lead to runoff and

flooding over extended timeframes (Texas Water Development Board et al., 2020). In Texas,

the unpredictability of precipitation is substantially influenced by weather patterns like El
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Niño and La Niña (Hoerling et al., 2013; Cheng et al., 2018), and further compounded by

the erratic nature of thunderstorms and tropical disturbances during the warm season

(Nielsen-Gammon et al., 2020). This unpredictability particularly impacts streamflow

forecasts, where the accuracy in predicting high flows sensitively depends on the quality of

the precipitation forcing (Kim et al., 2018). Perhaps out of a risk-averse inclination, many

reservoir operators in Texas may typically rely on absolute statements, not probability. Yet,

constraints from infrastructure and operations demand skillful streamflow predictions. For

those non-federal water supply reservoirs in Texas, which secure municipal and industrial

water use in large cities, they lack a designated flood control pool and have limited capacity

to regulate, store, and manage floodwaters. Therefore, pre-releases from conservation pools

before potential flood events rely heavily on the accuracy of forecasts. To promote the

adoption of FIRO, it is critical on one hand to ensure reliable forecasts for effective

reservoir management, maintaining steady revenue and a continuous water supply for

consumers. On the other hand, it is imperative to determine how to modify operation

strategies to counteract the risks posed by climate change in these reservoirs. Furthermore,

infrastructural challenges, such as the design of reservoirs for water conservation and the

potential need for retrofitting or adding additional flood gates, must be tackled to fully

harness the benefits of proactive forecast usage (Fernando et al., 2020).

4.5 Conclusions

This chapter evaluates the efficacy of current operational rules in addressing future

flood risks and water supply performance. While current practices effectively counter many

flood risks, climate change amplifies challenges in reservoir resilience and vulnerability.

In Texas, most operational strategies adeptly manage high inflow conditions, mitigating

storage drought and ensuring a reliable water supply. Yet, certain reservoirs may not benefit

sufficiently from these guidelines in the future, emphasizing the need for regulatory updates.
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The adverse impact of reservoir evaporation on the performance of many water supplies

should be factored into these revisions.

This chapter further analyzes the potential benefits of adjusting the upper limits of

reservoir conservation pools. Our findings highlight the feasibility of storage reallocation

between the flood control and conservation pools to bolster water supply resilience without

amplifying downstream flood risks. This straightforward way can pave the way for broader

FIRO adoption, which in turn offers more accurate dynamic storage adjustments to store

more floodwater. Moreover, reservoir sedimentation reduces resilience and heightens

vulnerability, underscoring the importance of sediment removal in ensuring sustainable

operations.
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Chapter 5

CONCLUSIONS AND PERSPECTIVES

5.1 Conclusions and Implications

This dissertation demonstrates the enhancement of hydrologic models through advanced

techniques and evolving datasets, aimed at improving their accuracy and utility. The first

part of work (Chapter 2) tackles the prevalent issue of missing or inadequately represented

components in the existing large-scale hydrologic models. Taking the simulation of regulated

flow conditions as an example, the study presents a framework for all data-driven models to

utilize limited data sources more effectively. Specifically, this dissertation employs ML and

multiple temporal scale information from the observed reservoir operation datasets, thereby

improving the representation of reservoir operations for at least 60% cases, especially for the

situation where the key explanatory variables (i.e., inflow or water level) are not available.

Moreover, Chapter 2 explores the interpretability of ML models by utilizing sensitivity

analysis (e.g., the permutation feature importance in this study) to determine which types

of hydrologic information (e.g., inflow, water level, snow depth) predominantly influence

the decision-making process for flow regulations across various temporal scales (e.g., daily,

monthly). The second part (Chapter 3) addresses the computational challenges associated

with model parameterization. The development of a ML-based surrogate model expedites

the parameter estimation and calibration. This computational demand arises not just during

initial model calibration but also in scenarios where remotely sensed parameter information

is integrated into the model (e.g., determining which remote sensing products is most

appropriate) and during re-calibration after updating any parameter information. A surrogate

model of the process-based model can also offer hydrologists and stakeholders a flexible
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platform for rapid scenario exploration and hypothesis testing. Additionally, the scientific

insights offered by this chapter include, increasing physical realism of hydrologic model

calls for the adoption of dynamic parameterization, particularly for those properties that

may vary over time. Vegetation parameterization serves as a case study in this dissertation,

illustrating how the dynamic nature of vegetation can influence hydrologic responses. It

further suggests that the assessment of climate change on the water cycle needs to consider

the feedback between climatic conditions and vegetation dynamics as vegetation can evolve

as the climate changes. From the perspective of hydrologic modelers, these two parts of

work (Chapter 2 and 3) enhance the hydrologic model’s realism by improving both its

representation and parameterization, respectively. For the water managers, a combination of

surrogate model (that can be used for naturalized runoff simulation) and reservoir operation

module (that receives the upstream flow conditions as input) enables the simulations of

reservoir behaviors under different climate projection scenarios. The last part of work

(Chapter 4) shows such application to translate hydrologic and climatic data into actionable

strategies for water management. Using 21 federal reservoirs in Texas as a testing case,

this chapter provides a framework for stakeholders to evaluate the effectiveness of the

current reservoir operation policy under future climate through the interactions among

hydroclimatology, reservoir infrastructure, and operation policy.

The primary contribution of this dissertation lies in demonstrating how the integration of

sophisticated quantitative methods and diverse data sources can aid in addressing scientific

challenges in hydrologic modeling and water management. It is strategically aimed at

guiding hydrologists and water managers in the application of these tools. The novelty of

this work is encapsulated in three general scientific findings: (1) for data-driven models, the

prediction skills and forecasting ability could benefit from the comprehensive utilization

of data information, especially for data-scarce situations (Chapter 2); (2) in process-based

models, certain parameters that may evolve alongside other parameters or processes require
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dynamic parameterization (e.g., the incorporation of the real-time remotely sensed dataset

and the recalibration upon updating parameter information) for accurate assessment in the

context of climate change (Chapter 3); (3) in water management, operational costs should

be carefully weighed, as it is vital to balance costs and benefits when implementing changes

in water management strategies (Chapter 4).

5.2 Future Work

5.2.1 Explicitly Encoding the Physical Process in the ML models to Facilitate Scientific

Understanding

From a modeler’s perspective, a key distinction between ML models and process-based

models is found in the balance between parameters and structure—a representation of the

underlying processes. ML models (inherently data-driven) typically feature relatively simple

formulas (e.g., the most basic expression in neural networks is a linear transformation to the

input vector through a weights matrix, the non-linear activation functions may or may not be

applied to the results of linear transformations) accompanied by a large number of parameters

(e.g., weights and biases in neural networks). This often leads to criticisms of these models

being over-parameterized (Rocks and Mehta, 2022). In contrast, process-based models are

often characterized by well-defined structural expressions (while not universally accepted

as entirely accurate, Clark et al., 2017), which are supported by a substantially smaller

set of parameters (and many of these parameters are physically meaningful) compared

to those found in ML models. This dissertation, while apply ML to improve hydrologic

modeling, consistently strives to implement ML models with the smallest possible number

of parameters, aiming to strike a balance between simplicity and performance. ML models

with a larger number of parameters (an extremely complex example is the Large Language

Models, LLMs), have demonstrated the potential for superior performance by capturing more

116



nuanced patterns in data. However, the increased parameter size introduces some challenges,

including a heightened risk of overfitting as the model’s dimensionality expands, a surge

in computational demands for memory storage, and a decline in model interpretability.

Model interpretability, in particular, is essential for scientific ML, as it ensures that the

outcomes of models can be understood and trusted by the community. Closely tied to the

model interpretability, the size of parameters holds similar significance in both ML and

process-based models. In hydrologic modeling and similar scientific domains, parameters

typically serve to represent aspects of the system that are either not fully comprehended

or too intricate for direct inclusion in the model. These parameters act as proxies for

specific processes or characteristics that, due to limited knowledge or computational power,

cannot be directly observed or accurately modeled. A model with numerous parameters

may reflect a lower understanding of physical process, implying reliance on parameter

adjustment to align with observed data. Nonetheless, an abundance of parameters is not

inherently detrimental; it enables the model to more adaptively represent complex systems.

The key challenge lies in balancing model complexity with interpretability and the available

calibration data to avoid overfitting. Overfitting occurs when a model, overly dependent on

parameters, accurately predicts training data but fails with new data. The goal, therefore,

is to strike a balance that ensures the model is both accurate and reliable for its intended

purpose, while also being simple enough to facilitate understanding and prevent overfitting.

A feasible way to improve the model interpretability is forcibly “encoding” prior

physical knowledge in ML models. This approach can be deemed as substituting a portion

of the model’s parameters with explicitly represented physical processes, thereby reducing

the parameter uncertainty of ML models and avoiding the ill-posedness of the optimization

(Rao et al., 2023). In hydrology, one example is the entire hydrological model being

hard-coded into a Python version for deployment on a Deep Learning (DL) platform (Tsai

et al., 2021), referred as differentiable parameter learning (dPL). It could be seen as an
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extreme form of embedding prior physics of the system into ML models by completely

substituting ML parameters with the formulas of physical processes. The objective of Tsai

et al. (2021) is to tackle the challenges associated with parameter estimation and

regionalization in hydrologic modeling. Therefore, they maintain limited flexibility for

parameters, opting instead to translate the process-based model from Fortran/C++ to Python.

In another case, the differentiable, learnable process-based models, referred to as the δ

model (Feng et al., 2023), explicitly defined physical processes with flexible modules,

which can be optionally replaced by neural networks. The δ model demonstrates their

robustness even in the data-scarce regions, which underscores the importance of prior

physics on the ML models’ interpretability and generalization ability. Looking beyond,

there exists the potential to develop a “tightly coupled” scientific knowledge-aware or

physics-guided ML model to address hydrologic problems. This is a further step beyond

“loosely coupled” physics-guided ML, which involves direct information exchange between

the outputs or inputs of the process-based model and the ML model. In a tightly coupled

model, operator-level integration could enhance the modeling of physical phenomena

beyond the capabilities of traditional process-based approaches. This integration is achieved

through the use of automatic differentiation and the explicit encoding of physical equations

as part of the loss function or network structure. For instance, large-scale hydrological

models and LSMs typically operate at a 1-D column level and often overlook the exchange

of horizontal fluxes (Picourlat et al., 2022). However, a tightly coupled physics-guided ML

model, which may utilize Convolutional LSTM (ConvLSTM, Shi et al., 2015) or Vision

Transformers (ViT, Dosovitskiy et al., 2020) as a foundational framework (“base model”)

that incorporate physical processes to a certain extent, is capable of capturing complex

spatiotemporal dynamics more effectively and reasonably. Specifically, ConvLSTM can be

adapted for hydrological modeling by modifying its gating mechanisms or state updates to

reflect essential physical laws or constraints, such as the conservation of mass or energy,
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ensuring the model’s predictions adhere to these fundamental principles. Similarly, ViT

could be implemented by embedding physical processes into their self-attention

mechanisms, allowing the model to prioritize inputs based on their physical significance, or

by incorporating physical constraints directly into the positional encoding to maintain

spatial consistency with known physical laws. Such models, once trained, validated, and

tested against observational data, may promise to rectify the neglect of horizontal flux

exchange seen in traditional models and open up new possibilities for accurately modeling

complex hydrological processes. In water management models, incorporating prior physical

knowledge ensures that the results are straightforwardly rational. Chapter 3 of the

dissertation demonstrates this by applying physical constraints as penalty terms within the

loss functions, thereby enhancing the reasonableness of storage simulations (within the

operational range). This approach exemplifies the application of physics-guided machine

learning (ML) models in water management. For future work on the data-driven reservoir

operation models, specific operational rules could be explicitly encoded within the ML

models. This, combined with a physics-constrained loss function, will further ensure that

the model simulations closely mirror real-world scenarios.

5.2.2 Utilizing Purely ML-based Models for Operational Purposes

Purely ML-based models can also be highly beneficial for operational purposes owing

to their high efficiency. As highlighted previously, ML models are inherently data-driven,

lacking explicit process representation or a physical basis, which may result in erroneous

and unreliable extrapolations. However, ML-based surrogate models could benefit from

being informed by the principles underlying physical models. A well-trained and validated

surrogate can thus be considered to possess the inherent advantages of process-based

models, capable of naturally accommodating spatiotemporal changes. Such surrogates yield

predictions that, while not exact, are reasonable and to some extent grounded in physical
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understanding (Tran et al., 2023). Therefore, the surrogate can be seen as a valuable tool

that partially combines the advantages of both process-based models (physically reasonable)

and ML models (fast), albeit not perfectly. As demonstrated in Chapter 2, the computational

speed of the ML models can provide a large number of simulations in a short time,

facilitating more iterative and exploratory efforts based on a well-validated surrogate model.

This capability is valuable in practical management, especially when a comprehensive

representation of potential outcomes is required for decision-making, or extensive ensemble

simulations are necessary to derive conclusive results that encompass the full range of

probabilities. Taking a further development of Chapter 2 as an example, the application of

purely ML-based validated surrogate models enables the rapid generation of diverse

streamflow predictions across a multitude of vegetation disturbance scenarios (e.g., the

unpredictable nature of wildfires, or the strategic implementation of various thinning

practices). To some extent, it resembles a form of sensitivity analysis, wherein the effects of

varying disturbance characteristics (e.g., extent and severity of wildfire, type of thinning) on

streamflow can be explored in detail, which can thereby inform more resilient and adaptive

management strategies by understanding how different disturbance scenarios could impact

water resources. Additionally, given the rapid simulation capabilities, it is feasible to not

rely on one specific surrogate model but instead develop a suite of ML-based surrogates that

target outputs from various process-based hydrologic models, which allows for the

consideration of uncertainties from different hydrologic model configurations. Similarly,

streamflow ensemble forecasting can also be conducted using the validated surrogate of one

or more hydrologic models. The typical procedure for producing dynamical streamflow

forecasts involves: (a) running a hydrological model with historical data up to the forecast

start date to estimate the current hydrologic conditions of the basin, with observational data

potentially used to update and correct the model’s state variables; and (b) using these

hydrologic state estimates to initialize forecast simulations driven by weather forecasts,
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thereby producing streamflow forecasts. Weather forecasts may serve as inputs to one or

more hydrological models, with the resulting hydrological forecasts being either

single-valued or ensemble-based (Troin et al., 2021). The primary motivation for generating

ensemble forecasts is to quantify forecast uncertainty. Ensemble Prediction Systems (EPS)

have great potential for optimizing prediction confidence levels for risk management

(Arduino et al., 2005; Davolio et al., 2013) by sampling uncertainty related to the initial

conditions of the atmosphere, Numerical Weather Prediction (NWP), and/or hydrological

model formulations. A surrogate-based ensemble can efficiently run under thousands of

different initial conditions (initial conditions of the atmosphere and the corresponding

streamflow conditions) to mitigate such uncertainties.
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For the Chapter 2, the meteorological forcing (precipitation, potential evapotranspiration,

and air temperature) is available at https://ldas.gsfc.nasa.gov/nldas/v2/forcing. Snow depth

data is retrieved from Daily 4 km Gridded SWE and Snow Depth from Assimilated In

Situ and Modeled Data over the Conterminous US, Version 1 (NSIDC-0719) (https://nsidc.

org/data/nsidc-0719/versions/1). The data set of reservoir operations is available online

(https://www.hydroshare.org/resource/79c262b627fc4ce293379b5e95457146/), or directly

from the United States Bureau of Reclamation (https://water.usbr.gov/api/web/app.php/api/)

and the United States Army Corps of Engineers (collected via Duke University; https:

//nicholasinstitute.duke.edu/reservoir-data/, Patterson and Doyle, 2018).

For the Chapter 3, the data set utilized in this dissertation can be assessed online

(https://www.hydroshare.org/resource/f32010b5edc34e519399e2417db2cce6/).

For the Chapter 4, the data set utilized in this dissertation can be assessed online

(https://www.hydroshare.org/resource/e5ee0fec0fd444558c6104997a65a4d6/).
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