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Abstract Vegetation plays a crucial role in atmosphere-land water and energy exchanges, global carbon
cycle and basin water conservation. Land Surface Models (LSMs) typically represent vegetation characteristics
by monthly climatological indices. However, static vegetation parameterization does not fully capture time-
varying vegetation characteristics, such as responses to climatic fluctuations, long-term trends, and interannual
variability. It remains unclear how the interaction between vegetation and climate variability propagates into
hydrologic fluxes and water resources. Multi-source satellite data sets may introduce uncertainties and require
extensive time for analysis. This study developes a deep learning surrogate for a widely used LSM (i.e., Noah)
as a rapid diagnosic tool. The calibrated surrogate quantifies the impacts of time-varying vegetation
characteristics from multiple remotely sensed GVF products on the magnitude, seasonality, and biotic and
abiotic components of hydrologic fluxes. Using the Upper Colorado River Basin (UCRB) as a test case, we
found that time-varying vegetation provides more buffering effect against climate fluctuation than the static
vegetation configuration, leading to reduced variability in the abiotic evaporation components (e.g., soil
evaporation). In addition, time-varying vegetation from multi-source remote sensing products consistently
predicts smaller biotic evaporation components (e.g., transpiration), leading to increased water yield in the
UCRB (about 14%) compared to the static vegetation scheme. We also highlight the interaction between
dynamic vegetation parameterization and static parameterization (e.g., soil) during calibration. Parameter
recalibration and a re-evaluation of certain model assumptions may be required for assessing climate change
impacts on vegetation and basin-wide water resources.

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 (J. M. Chen, Ju, et al., 2019; Sha et al., 2022) and adaptation to a changing
climate (Anderson & Song, 2020; Duarte et al., 2013; Thorne et al., 2017). 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; Good et al., 2015; Schlesinger & Jasechko, 2014; L. Wang
et al., 2014). 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 & Kumar, 2008; Barron-Gafford et al., 2017; L. Sun et al., 2018; Yu &
D’Odorico, 2014). The vegetation shade and canopy snow interception change the land surface albedo and snow
energy balance in cold regions (Link & Marks, 1999; Malle et al., 2019; Webster & Jonas, 2018). These feedbacks
subsequently propagate to catchment fluxes such as surface water yield, evapotranspiration and groundwater
recharge (Vertessy et al., 2001; Wattenbach et al., 2012). Furthermore, the detected alterations in vegetation
reflect both natural factors (e.g., wildfire) and human activities (e.g., reforestation and deforestation) (Boulton
et al., 2022; C. Chen, Park, et al., 2019; Nobre et al., 2016), which introduce further uncertainty when evaluating
the effects of vegetation on the hydrological cycle. Therefore, improving the representation of vegetation dy-
namics and its interaction with climate forcings and hydrologic processes are essential for predicting hydrologic
fluxes and state variables in a changing environment (Kumar et al., 2019; Miller et al., 2006; Ruhge &
Barlage, 2011).

Land surface models (LSMs) and hydrologic models typically present plant phenology through static multi-year
average monthly climatology. For instance, the Unified Noah LSM (F. Chen & Dudhia, 2001; F. Chen
et al., 1996; 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
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Figure 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 1.

(GVF, as the black solid line shown in Figure 1a) to parameterize vegetation dynamics using a composite 5-year
(1985-1989) average derived from the Advanced Very High Resolution Radiometer (AVHRR) satellite (Gutman
& Ignatov, 1998). Such climatology parameterization scheme only represents vegetation average seasonal
variation and misses the interannual variability (as colored lines shown in Figure 1a), therefore failing to capture
the actual vegetation responses to climate fluctuations and extremes (e.g., droughts) and leading to errors in
estimates of the hydrologic fluxes and states (e.g., Q. Tang et al., 2012; Wattenbach et al., 2012).

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 (Dannenberg et al., 2019; Miranda et al., 2011;
Poulter et al., 2014). Figure 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 GVFs (details see Table 1) consistently show correlations with annual precipitation, indicating
the vegetation response to climatic variability in the semi-arid UCRB. As global warming induces notable in-
creases in atmospheric water demand and vegetation water consumption across diverse regions (Yuan et al., 2019;
Y. Zhang, Parazoo, et al., 2020), the association between precipitation and vegetation variability in drylands is
expected to be enhanced (Zhao et al., 2022). Furthermore, the mean sensitivity of 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 (Y. Zhang et al., 2022). The consistent observational ev-
idence 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
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Table 1
Summary of Remotely Sensed GVF Data Sets Employed in This Study
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 Half month (1981-2000); 8-day (2001-present) 1981-
GIMMS AVHRR, MODIS, SPOT/VGT 1/12° 15 days 1981-
TCDR AVHRR 0.05° Daily 1981-
Spectral based VIIRS VIIRS 1 km Daily 1981-2012
VGT SPOT/VGT, MODIS 1 km 10 days 1999-

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.

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
etal., 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 (Konings &
Gentine, 2017; Murray-Tortarolo et al., 2013) and often fails to reproduce the full extent of observed temporal
variability (Kolassa et al., 2020; Koster et al., 2014; Lee et al., 2018).

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 data sets, are evident in
simulated surface soil moisture and temperature (Yin et al., 2016), streamflow predictions (Elmer et al., 2022; T.
Ma et al., 2019; Tesemma et al., 2015), 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 data sets 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; X. Zhu et al., 2018). 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 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), and Condon et al. (2021). Additionally, ML surrogates facilitate speeding up parameter estimation
and uncertainty quantification (R. Sun et al., 2023; Xu et al., 2017), 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 study 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 environ-
ment, the UCRB provides a wide spectrum to comprehensively assess the consequences of vegetation-hydrology
interaction and land management. We aim to address the following questions: (a) Can multi-source remotely
sensed vegetation products capture the vegetation responses to climatic interannual variability? (b) In the UCRB,
what are the hydrologic consequences of explicitly represented time-varying vegetation dynamics? (¢) How does
the response of vegetation to climatic fluctuation regulate hydrologic biotic and abiotic components, and what are
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the implications to water resources in the UCRB? We develop a deep
B V=,
447 00'N1 -H=t‘(‘ 4;4‘ learning-based surrogate model based on the Noah LSM as a computationally

—_— 2

Qo

g
\‘1{ ;%%’g“‘ efficient diagnostic tool to facilitate the parameter calibration and fusing of
28 & *I,‘.“\‘ remote sensing products and process-based hydrologic models.

2. Methods
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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
Elevation (m) snowpack in the Rocky Mountain headwaters subbasins, accounting for over

4000 70% of the river's annual streamflow (D. Li et al., 2017). The UCRB, which
generates approximately 90% flow of the entire Colorado River Basin (CRB)
2000 (Jacobs, 2011; McCabe & Wolock, 2020; Xiao et al., 2018), 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 4,300-900 m

112°00'W

108° 00'W 104 ° 00'W and covering an area of about 280,000 km? (Tran et al., 2022). The climate of

UCRB exhibits considerable variation, transitioning from alpine conditions in

Figure 2. Location of Upper Colorado River Basin (UCRB) and subbasins. 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 2).

2.2. Land Surface Model (LSM)

We select 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, ra-
diation, and meteorological and land surface parameter data sets. 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 (F. Chen & Dudhia, 2001; F. Chen et al., 1996; 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°) energy and water flux as well as state variables (Kumar et al., 2017; Xia et al., 2012).
Although the operational version of NLDAS-2 is expected to undergo subsequent 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 (B. Zhang, Xia, et al., 2020), the diagnostic methodology pre-
sented 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 study, 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 bal-
ance. In the following part of this section, we briefly introduce the processes affected by vegetation in Noah LSM,
while a comprehensive description of Noah LSM can be found in F. Chen and Dudhia (2001). The total ET
consists of four components, the direct evaporation Eg,., the wet canopy evaporation E_, the canopy evapo-
transpiration E, and the snow sublimation, E,, namely,
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ET=E4 +E.+E +E (1)
Specifically, the direct evaporation Eg;, from the ground surface is computed by
Egq=(1—0/)B-E, @)

where E,, is the potential evaporation calculated by a Penman-based energy balance approach that includes a
stability-dependent aerodynamic resistance (Mahrt & Ek, 1984), f is the first layer's soil moisture normalized by
the field capacity and wilting point, and o, is the GVF.

The wet canopy evaporation E, is determined by
WL. n
E(? = (Ff(?) . Ep (3)

where W, is the intercepted canopy water content, S is the maximum canopy capacity, and n = 0.5.

The plant transpiration E, is determined by
W n
E,=0'fBC[1—<?C> ]-Ep )]

where B, is a function of canopy resistance and is formulated as

5 1+& )
T R 4L A

1+R.Cp+ ¢
where C,, is the surface exchange coefficient for heat and moisture; A depends on the slope of the saturation
specific humidity curve; R, is a function of surface air temperature, surface pressure, and C,; and R.. is the canopy
resistance determined by

Rc — Rcmin (6)
LAL-F BB -5
Remin
+ R, 2
Romax g
F =R T here f = 0.55 -8 7
1=y Wheref Ry LAI ™

where F|, F,, F5, and F, 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; R, is the incoming solar radiation, and Ry, is a lower limit of 30 W - m™> for forests
and 100 W - m™~2 for crops (Noilhan & Planton, 1989); R in is the
cuticular resistance of the leaves. LAl is the leaf area index, and the calculation of seasonal LAI in Noah LSM is
altered to depend on the vegetation class, rewritten as

is the minimum stomatal resistance; R,y

LAI = LAL,;, + a(LAL,, — LAIL,;,) (8)

O =0 f min

where a = is normalized monthly GVF, o,is monthly GVF, and 6,,,« and 65, are the maximum and

O f max 0 f min
minimum GVF, respectively. Table S2 in Supporting Information S1 provides the details of vegetation type-
dependent maximum and minimum LAI. More detailed descriptions can be found in the work of Wei et al. (2012).

As the calculation of E, does not directly involve GVF, the details are not included here. For more compre-
hensive 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.
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Figure 3. Flowchart summarizing the process for surrogate model construction. The meteorological forcing includes
Accumulated hourly precipitation (P), Air temperature (Tair), Specific humidity at 2 m 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). The output variables include Total runoff (Q), Vegetation transpiration (TRANS), Bare soil
evaporation (EVBS), Canopy water evaporation (EVCW), and Snow sublimation (SBSNO).

2.3. Deep Learning-Based Surrogate Model

We develop a surrogate model to streamline the calibration of the Noah LSM (as shown in the flowchart in
Figure 3), 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).

2.3.1. Parameter Space and Process-Based Model Running

A high-fidelity surrogate model needs careful sampling to ensure that the surrogate can generalize well over the
entire input space without overfitting to particular subsets of the data. This study mainly focuses on the model's
generalizability across the parameter space to avoid any unreasonable extrapolation during the parameter cali-
bration process.

We empirically identify key parameters that influence the processes of energy partitioning and runoff generation.
The minimum stomatal resistance (R.,;,) and the parameter used in the solar radiation term of the canopy
resistance function (R,) (Equation 7) are also utilized as inputs. These parameters play crucial roles in deter-
mining canopy resistance, subsequently influencing the calculation of transpiration. Soil-related parameters fed
into the model include saturated hydraulic conductivity, saturated soil potential, porosity, and the soil type “B”
parameter. These factors are essential to compute the time rate of change of soil moisture and temperature.

We employ 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 S1 in
Supporting Information S1 for details). H. Wang et al. (2023) suggest that the surrogate model is suitable for
parameter optimization when the size of the parameter samples is approximately 40 times the number of pa-
rameters. LHS can ensure that the surrogate model encompasses a full range of possible parameter values.

For all 1,000 parameter sets, we run the Noah LSM driven by hourly NLDAS-2 meteorological forcing across the
entire study area (more than 2,000 grid cells) to produce corresponding outputs of hydrological fluxes, including
total runoff (Q, the sum of surface runoff and subsurface runoff) and four subcomponents of ET: transpiration
(TRANS), canopy water evaporation (EVCW), bare soil evaporation (EVBS), and snow sublimation (SBSNO).
Following Rodell et al. (2005), we initialize the four soil layers of the Noah LSM model at 30% saturation and set
them to the multi-year average soil temperature. The model is run for the first 10 water years (1979-1989), and
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this process is repeated 5 times. The model states at the end of the fifth run, specifically on 30 September 1979, are
then used as the initial conditions for subsequent simulations. These outputs aggregated from an hourly to a daily
scale serve as target variables for the surrogate model construction. This process generates more than 2,000,000
time series for each output variable.

2.3.2. Surrogate Model Configuration

The surrogate model for the Noah LSM is established using Long Short-Term Memory (LSTM, Hochreiter &
Schmidhuber, 1997), a deep learning technique adept at capturing temporal dependencies and extensively
employed in hydrology in recent years (Feng et al., 2020; Kratzert et al., 2018, 2019; K. Maet 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 hydro-
logical states (e.g., soil moisture, Q. Li et al., 2022; Orth, 2021; SWE, short for Snow Water Equivalent, Meyal
et al., 2020, Song et al., 2023). A detailed description of the LSTM architecture can be found in Appendix A.

We build a single-layer sequence-to-sequence LSTM model with 256 hidden units to simulate hydrologic fluxes,
which processes each input sequence step-by-step (i.e., daily) to generate the corresponding output sequence.
Specifically, the LSTM-based surrogate model in this study is implemented to mimic the underlying mechanism
of a hydrologic model in a similar manner:

Hydrologic Model 2y, = fxoah (¥¢-8:-1,¢0) ©

Surrogate Model : §, = f stm (X1.8:—1,¢;0) (10)

where x, is the meteorological forcing at the time step z, §,_; is the hydrologic states (e.g., soil moisture, snow
water equivalent) or LSTM internal states (i.e., hidden state 4, and cell memory c,) at the previous time step, ¢ is
the physical parameters (soil and vegetation-related) in the Noah LSM, and @ represents weights and biases of the
LSTM-based surrogate model, y, is a subcomponent ET or runoff estimation of Noah LSM at the time step ¢, J, is
the subcomponent ET (i.e., TRANS, EVCW, EVBS, or SBSNO) or total runoff simulated by LSTM at the time
step .

For the surrogate model, the inputs are meteorological forcing and parameter sets, while the outputs are hy-
drologic fluxes. Model inputs are normalized to a range of 0-1, to ensure faster convergence during the training
process. Meteorological forcing data spanning from 1 October 1979 to 30 September 2016, is aggregated from an
hourly to a daily scale. The fully connected operator (see Appendix A) enables the LSTM model to learn sufficient
interactions between meteorological forcing and physical parameters (e.g., GVF).

Itis crucial to properly initialize the states of an LSTM model in a sequence-to-sequence configuration. Typically,
the LSTM's hidden states (/) and cell memory (c) are initialized to zero. These states (h, and c,) are updated at
each timestep, sequentially carrying forward information to generate outputs such as simulated Q and all ET
subcomponents. Analogous to the process-based model, this process spans the entire period from 1 October 1979,
to 30 September 2016, generating the corresponding output time series. To mitigate initial inaccuracies due to
zero-initialized states, the LSTM surrogate model undergoes a “spin-up” period. Initially, the model is run for the
first 10 water years (1979—-1989), with hidden states set to zero. This process is repeated 5 times. The hidden states
on 30 September 1989, after the fifth run, are then used as initial conditions for subsequent simulations. This
approach helps stabilize the model's output predictions.

2.3.3. Data Split, Model Training, and Performance Evaluation

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 7 is expressed as

5
min a; ) (v, = 9i.)’ (11)
i
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where i represents TRANS, EVCW, EVBS, SBSNO or Q, ¢, represents the adjustable weights assigned to each of
these outputs. a; 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 & Ba, 2014).

Since this study mainly focuses on the model's generalizability across the parameter space, for each grid cell, we
split the 1,000 parameter sets as follows: 50% of the parameter sets are randomly selected for training, 10% for
validation, and the remaining 40% for testing. This split is applied to each grid cell independently, and the
combined data from all grid cells is used for the respective training, validation, and testing phases. By using all
grid cells (over 2,000 across the entire basin), we aim to ensure the surrogate model can cover the full range of
meteorological conditions.

In the training of our model, we employ a strategic learning rate schedule for optimization. For the first 100
epochs, we set the learning rate at 10~ with a mini-batch size of 256 to facilitate rapid convergence. For the
following 500 epochs, the learning rate is reduced to 107*, aiding in more precise adjustments in the model
weights. According to the first 100 epochs' performance, we adjust the weights «; in Equation 11 from a uniform
set (where each weight is initially 1) to varied values through a trial-and-error method for optimal tuning. We
further decrease the learning rate to 107 to refine the model further. During this refining phase, we implement 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 using the parameter sets in the test set (400 time series for each output
variable within each grid cell) across the entire basin from 1 October 1979 to 30 September 2016 to assess its
performance. The model performance is evaluated using the Nash-Sutcliffe Efficiency (NSE, Nash & Sut-
cliffe, 1970), Root Mean Square Error (RMSE), and Percent Bias (PBIAS) (formulas provided in Appendix A2).
Results under five different random seed settings are evaluated to mitigate uncertainty arising from model
implementation (random sampling and weights initialization).

2.3.4. Parameter Calibration

Utilizing the well-trained surrogate model, we implement a Genetic Algorithm (GA) for effective parameter
calibration. We aim 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) natu-
ralized 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 S1 of Supporting Information S1), in search of the optimal parameter set.
In the GA configuration, we specify 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. We further validate 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 data set during data fusing in the calibrated surrogate.

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 data sets are fused into the well-trained surrogate
model. This study employs both LAlI-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 data sets are derived from
Systeme 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
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(MODIS C6, Yan et al., 2016), Long-term Global Mapping (GLOBMAP, Y. Liu et al., 2012), Global Inventory
Monitoring and Modeling System LAI3g (GIMMS, Z. Zhu et al., 2013), and Terrestrial Climate Data Record
(TCDR, Claverie et al., 2016) LAI products. These data sets are converted using the following equation, in
accordance with Norman's method (Norman et al., 1995):

GVF = ] — ™Al (12)

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 data sets 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°.
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 2001-2011. The black solid line in Figure 1a represents the multi-year
average monthly climatological GVF parameterization adopted by NLDAS-2 Noah LSM, which is a composite of
a 5-year (1985-1989) GVF data set using the AVHRR satellite, based on the algorithm by Gutman and Igna-
tov (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 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
etal., 2022), potentially indicating a better representation of vegetation canopies and canopy gaps, partially due to
improved observation in high biomass regions with no apparent saturation in forested areas, reduced bidirectional
reflectance distribution function effects, and decreased atmospheric influences (Ding & Zhu, 2018). In the
following analyses, we will also place particular emphasis on VIIRS, in addition to discussing the median sta-
tistics of the impact of all remote sensing products.

3. Results
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 in-
dividual 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.

We then run 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 Lee's Ferry (see Figure S1 in Supporting Information S1). It reproduces
the overall seasonal trends and regional attributes of total runoff (Q) and ET components throughout the UCRB
(Figures S1 and S2 in Supporting Information S1). 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 Noah LSM (Figure 4f). 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 4a and Figure S1 in Supporting Information S1). Despite these minor discrepancies, the LSTM
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Figure 4. 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).

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 S3 in Supporting
Information S1). 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 5. (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 panel (a), 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.

3.2. Effects of Incorporating Remotely Sensed Vegetation Dynamics Into LSM
3.2.1. Impacts of Interannually Variant Vegetation Dynamics on Basin-Wide Water Budget

Figure 5 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 data sets
in the UCRB during the 2001-2011 period. While remotely sensed GVF products differ in the interannual
variability (Figure S9 in Supporting Information S1), most products (except VIIRS) consistently yield higher
mean annual total runoff, ranging from +2.46 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 data sets from the same source, GEOV2 and VGT, exhibit a similar degree of
increase in total Q after data fusion for 2001-2011, despite the former being LAl-based and the latter being
spectral-based. The differences in total ET estimation after data fusion between GEOV?2 and VGT may reflect the
influence of GVF derivation methods (biomass or spectral) on hydrologic simulations in the UCRB.

For all satellite products, changes in total ET lead to nearly equivalent and opposite changes in Q in Figure Sa.
This further indicates the LSTM surrogate model conserves the water balance at a long-term scale. Although other
hydrologic variables are not simulated 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 5b further shows the differences in various ET components caused by dynamic GVF parameterization. The
satellite-based GVF consistently shows larger bare soil evaporation than default monthly climatological
parameterization (varying from 7 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 (Equation 2) indicate that this
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Figure 6. 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, (¢) GIMMS—Default, (f) TCDR—Default, (g) VIIRS—
Default, (h) VGT - Default.

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 5a). 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 6). 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 clima-
tological GVF (except VIIRS). In the case of GEOV2, GLOBMAP, and VGT, the decrease in ET largely con-
centrates in shrubland regions within the southern UCRB. VIIRS GVF in the southern subbasins manifests an
early onset and extended duration of greenness (Figure S4 in Supporting Information S1), notably in San Juan.
This leads to an elevated total ET estimate and a corresponding decrease in total runoff (Figure S7 in Supporting
Information S1). 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 7 (GEOV2 as an example, the details of all products see Figure S9 in Supporting Information S1).
While the integration of various remotely sensed GVF data sets 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 in total ET mainly comes from the biotic
subcomponents, with increased variability in vegetation transpiration and canopy water evaporation likely mir-
roring 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.
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Figure 7. 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.

3.2.2. Impacts of GVF Interannual Variability on Hydrologic Seasonality

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—
September), as illustrated in Figure 8a and Figure S5 in Supporting Information S1. 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 8a). The total ET in the Green, another subbasin situated in the
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Figure 8. (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 panel (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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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 the single peak of tran-
spiration, as shown in Figure 8b. 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 the 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
Equation 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 to 13 mm over years, and the differences
resulting from the integration of remotely sensed GVF vary between —2 and 4+3 mm among different products
(Figure S6 in Supporting Information S1). Compared to the northern subbasins (i.e., Green and Upper Colorado
Figure 8a), vegetation transpiration experiences a more pronounced effect in the southern subbasins (i.e., Glen
Canyon and San Juan in Figure 8b). Evaporation (both from bare soil and canopy surfaces) shows a larger
alteration than transpiration in response to the 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 (Figures 8a and Figure S5 in Supporting Informa-
tion S1). These uncertainties become more prominent for ET subcomponent estimates, especially during growing
seasons, as evident in Figures 8b and Figure S6 in Supporting Information S1, where the dashed lines, repre-
senting 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 vari-
ables display insensitivity to GVF changes. As shown in Figure 1 and Figure S4 in Supporting Information S1,
during winter months, most of the remotely sensed GVF values used in this study are higher than the climato-
logical 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 in-
fluence total ET by reallocating among ET subcomponents (mainly affecting bare soil evaporation), consequently
impacting runoff in the UCRB and its four subbasins.

4. Discussion
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 study, combined with the calibrated soil parameters, the performance of simulated streamflow even de-
grades after substituting the climatological GVF with an interannually varying GVF (Figure S10 in Supporting
Information S1). This 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 Equations 2—4 shows in this
study). On the 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
(Qiuetal.,2022; Y. W. Zhang et al., 2021). Concurrently, vegetation tends to adapt to different soil types (George
etal., 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
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using time-varying satellite products may require model parameter recalibration (e.g., saturated hydraulic con-
ductivity, 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-Vésquez
et al., 2023).

Another concern arises from the uncertainty inherent in remotely sensed vegetation products. As discussed in
Section 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 prod-
ucts. 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, in
this study, we calibrate the soil parameter based on the climatologic GVF that may be considered “biased”
compared to any yearly varied remotely 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 (Denager et al., 2023; Mostafaie et al., 2018). By extending the
calibration targets beyond streamflow to include variables like Land Surface Temperature (LST) or SWE, the
calibration process could become more comprehensive.

In this study, the direct updating of vegetation information is considered a highly simplified form of data
assimilation. Data assimilation enhances model accuracy by dynamically integrating real-time observational data
from various sources, continuously adjusting model states to closely align with observed realities (X. Li
et al., 2024). In contrast, our approach (referred to as “direct insertion”), is less complex and occurs less
frequently, thereby reducing computational demands compared to standard data assimilation processes that
require constant data input and processing. Nevertheless, this simplified method may not be as effective at
capturing the nuanced dynamics within model states. Although it is a very simple method and not a substitute for
full-scale data assimilation, direct insertion does not require any unbiasedness assumptions to operate optimally,
unlike more sophisticated techniques such as Kalman Filters. Given that biases in atmospheric forcing (partic-
ularly precipitation) are often large and unknown (blind bias) in data-scarce regions, direct insertion represents a
unique approach to improving the estimation of land surface variables by assimilating vegetation observations
(Rahman et al., 2020).

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 study dem-
onstrates 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 the 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, for example, earlier greening (Lian et al., 2020), longer duration of the active
vegetation-growing season (Grossiord et al., 2022; Kunkel et al., 2004; Q. Liu et al., 2018), shifts in vegetation
types (Kelly & Goulden, 2008; Sturm et al., 2001). 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 &
Lettenmaier, 2007; Christensen et al., 2004; Currier et al., 2023; Harding et al., 2012). 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 hy-
drological 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,
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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 4.1, the interplays between vegetation parameters and other model
parameters (particularly those related to soil) are likely to shift, requiring recalibration efforts.

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 cal-
culations can be efficiently executed on GPUs in batches, significantly reducing computational time costs. In this
study, 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 s using a single
NVIDIA Quadro RTX 5000 GPU. This approach accelerates the parameter calibration process in our 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 we utilized LHS to generate 1,000 parameter samples in our study, a smaller sample
size, approximately 20 times the number of parameters, is often adequate for pinpointing sensitive parameters (H.
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. As discussed in Section 2.3, LSTM-type archi-
tectures 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 Differ-
ential Equations (PDE) and suitable for groundwater modeling surrogates. Combining the strengths of LSTM and
CNN presents a novel possibility for building distributed hydrological model emulators (e.g., M. Tang
et al., 2021; S. Yang, Yang, & Chen, 2019; Y. Yang, Pan, et al., 2019), 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 data set. 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. As noted in Section 4.1, 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 pa-
rameters across geographically similar, adjacent areas (S. Yang, Yang, & Chen, 2019; Y. Yang, Pan, et al., 2019).
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 esti-
mation (the hydrologic models have been directly implemented in the platforms supporting automatic
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differentiation). It preserves the physical integrity of the hydrologic processes and derives more meaningful and
coherent parameter sets based on regional information.

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, C, 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 may 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 sce-
narios for both groundwater and surface water systems by leveraging observations and advanced physics-based
hydrologic models.

5. Conclusions

In this study, we quantify 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 study) 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 and canopy evaporation) outweigh the changes in abiotic ET compo-
nents (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 study highlights the
importance of representing the response of vegetation to climate forcing variability. This study also highlights the
additional two mechanisms of vegetation in modifying hydrologic fluxes by (a) buffering effect to the climate
interannual variability and (b) modifying the hydrologic seasonal patterns with different biotic and abiotic ET
components. Therefore, vegetation responses to climate should be explicitly (either statistically or mechanisti-
cally) represented to predict the future hydrologic changes in the UCRB.

Appendix A: List of Formulas

Appendix Al provides the details of the Long-Short Term Memory (LSTM) cell calculations, and Appendix A2
presents the performance evaluation metrics used in this study.

Al. Long-Short Term Memory (LSTM) Cell

The Long-Short Term Memory (LSTM) computations are expressed as

i =0(Wy-x,+ Wy -h_ +b;)
= G(fo X+ Wiy + bf)
g = tanh(Wyg - x, + Wy - hy_y + by)
0,=06(Wy -x, + Wy, -h_; +b,)
¢ =f0c1+i0g
h, = o, © tanh(c,)
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where W, W, W,,, and W,,, are learnable weights of inputs x,, W,;, W, W), and W,,, are learnable weights of the
previous hidden states h,, and b;, by, b,,, and b, are biases of the four gates, respectively. o means sigmoid function,
tanh is hyperbolic tangent function, and © represents element-wise multiplication.

A2. Performance Evaluation Metrics
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where y, is a subcomponent ET or runoff estimation of Noah LSM at the time step ¢, J, is the subcomponent ET or
runoff simulated by LSTM surrogate model at the time step z.

Data Availability Statement

All data used in this research and the LSTM code are publicly available at https://www.hydroshare.org/resource/
£32010b5edc34e519399e2417db2cce6/. The United States Bureau of Reclamation (USBR) naturalized flow
records can be found at https://www.usbr.gov/lc/region/g4000/NaturalFlow/provisional.html.
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