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15  Abstract: Global vegetation greening is reshaping water and energy cycles, challenging land
16  surface hydrological modeling. Satellite remote sensing provides dynamic observations of
17  vegetation and radiation, offering a pathway to improve simulations. However, models often rely
18  on static parameters, failing to capture critical transient biogeophysical feedbacks. This study
19  quantifies the impact of integrating remote sensing data—Ileaf area index, fractional vegetation
20  cover, albedo, and downward radiation—into the Variable Infiltration Capacity (VIC) model
21 across China. We evaluated simulations against observed runoff from 50 stations,
22 evapotranspiration (ET) from >40 flux sites, and satellite ET products. The dynamic data-driven
23 VIC model accurately simulated runoff and ET. In ungauged basins, simple parameter transfer
24 achieved Nash-Sutcliffe efficiency >0.6 for runoff. Using static vegetation parameters induced
25  substantial biases: a national-scale ET underestimation of 5% (20 mm yr!) and runoff
26  overestimation of 14% (29 mm yr!). In the rapidly greening basin (i.e., Pearl River Basin),
27  dynamic vegetation data corrected ET and runoff biases by ~70 mm yr~'. Remote sensing radiation
28  data offered limited improvement, likely due to the model's inherent radiation estimation capability.
29  This work provides conclusive evidence that dynamic remote sensing data, particularly vegetation
30  parameters, are crucial for accurate large-scale hydrological simulation in changing environments,
31  offering a practical framework for data-sparse regions.

32 Keywords: Land surface model; Continental-scale simulation; Remote sensing products;
33  Dynamic vegetation; Radiation; Runoff; Evapotranspiration

34
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35 1. Introduction

36 Over recent decades, widespread greening of terrestrial vegetation has markedly altered land—
37  atmosphere exchanges of water and energy (Alkama et al. 2022; Piao et al. 2020; Zhao et al. 2022).
38 Greening increases transpiring leaf area and canopy conductance, which can enhance
39  evapotranspiration (ET) (Jiang et al. 2022; Peng et al. 2024). Meanwhile, vegetation expansion,
40  particularly forest gain, often reduces surface albedo, increasing absorbed solar radiation and
41  further intensifying the water cycle (Duveiller et al. 2018; Findell et al. 2017). Vegetation also
42  reshapes hydrologic partitioning through canopy interception, litter effects, and root activity,
43 thereby modifying precipitation redistribution, infiltration conditions, and soil water storage and
44  regulation (Rajdo et al. 2023; Tang et al. 2025). These changes, in turn, affect the timing and
45  magnitude of surface runoff and groundwater recharge (Liu et al. 2025b; Yan et al. 2024b).
46  Vegetation dynamic has introduced significant challenges for land surface models (LSMs), which
47  must now accurately represent these transient biogeophysical feedbacks to reliably simulate
48  terrestrial water and energy budgets under changing conditions. Consequently, adapting LSMs to
49  capture the dynamic effects of vegetation change has emerged as a critical and timely research
50 focus in modern hydrology and Earth system science.

51 Since the 1980s, LSMs have undergone three major iterations (Pitman 2003; Sato et al. 2014;
52  Singh 2018). First-generation LSMs used fixed land surface conditions and coupled simple energy
53  and water balance processes for simulation (Sellers et al. 1986), such as the Biosphere-Atmosphere
54  Transfer Scheme (BATS) model developed by Dickinson (1986). These models did not simulate
55  key components such as vegetation dynamics, or the carbon cycle and contained significant

56  uncertainties (Sato et al. 2014). For instance, their simplistic representation of the land surface
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57  failed to capture real-world complexity, and their hydrological processes often relied on the
58  Manabe bucket model (Manabe 1969), resulting in a single runoff generation mechanism. Building
59  upon first-generation models, second-generation LSMs were rapidly developed. Compared to their
60  predecessors, they accounted for spatial heterogeneity in land surface conditions and offered a
61  more comprehensive representation of energy and water balances, incorporating vegetation effects
62  on energy balance and multiple runoff generation mechanisms (Pitman 2003; Sato et al. 2014).
63  Describing the influence of vegetation status on water and energy balances was a key advancement
64  in this generation.

65 Third-generation LSMs further refined the description of vegetation physiological
66  mechanisms within the models and incorporated simulations of the carbon cycle (Lombardozzi et
67 al. 2015). Several prominent land surface models emerged during this period, including the
68  Community Land Model (CLM) (Bonan et al. 2002), the Variable Infiltration Capacity (VIC)
69  model (Liang et al. 1994), and the Noah multi-parameterization (Noah-MP) model (Niu et al.
70 2011). The development of these models enabled the simulation of more detailed land surface
71 processes, such as ET components and gross primary productivity (GPP), significantly enhancing
72 the simulation capability and accuracy of LSMs and achieving more comprehensive coupling of
73 various physical and physiological mechanisms (Bohn et al. 2013; Lawrence et al. 2019).
74 Consequently, with well-developed physical mechanisms, providing accurate parameters and data
75  to the models has become key to achieving their optimal performance.

76 LSM performance depends strongly on parameterization and on the extent to which inputs
77  represent evolving climate and land surface conditions (Brekke et al. 2014; Shi et al. 2021;
78  Silwimba et al. 2025; Yan et al. 2021; Zhao et al. 2025). Vegetation is commonly represented in
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79  LSMs in two ways. One approach utilizes an internal dynamic vegetation module, as implemented
80 in CLM and Noah-MP (Bonan and Levis 2006; Niu et al. 2011). The strength of this method is its
81  ability to capture long-term vegetation succession and associated ecohydrological feedbacks.
82  However, it increases model complexity and parameter dimensionality, raising computational and
83  calibration costs and amplifying uncertainty through reduced parameter identifiability (Arsenault
84  etal. 2018). Remote-sensing products are therefore commonly used to constrain and calibrate key
85  states and parameters, with independent data used for validation. (Huo et al. 2024; Raoult et al.
86  2025). A second approach prescribes time varying vegetation parameters from remote sensing
87  directly within the LSM, as in VIC (Bohn and Vivoni 2016). Advances in multispectral,
88  hyperspectral, and active microwave sensors have expanded the availability of remote sensing
89  vegetation and radiation products. Improved retrieval algorithms and data assimilation further
90 enhance these datasets (Liang et al. 2021; Liang et al. 2013; Yan et al. 2024a). These include
91 refined vegetation structural metrics, such as Leaf Area Index (LAI), Fractional Vegetation Cover
92  (FVC), and albedo (Cao et al. 2023; Dong et al. 2025), and improved estimates of surface radiation
93  components, including downward shortwave (Rs) and downward longwave (R1) radiation (Cheng
94  and Liang 2016; Guo et al. 2018). At regional scales, these products provide an effective way to
95  characterize vegetation and radiation dynamics and support LSM representation of vegetation
96  change and the surface energy balance (de Avila et al. 2023; Peng et al. 2024). However, the extent
97  to which these vegetation and radiation forcings affect LSM simulations of hydrologic processes
98  remains unclear.
99 In this study, we employ the VIC model, a well-established land surface model renowned for
100 its robust representation of the water and energy balance. We drive the model with remote sensing-
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101  derived dynamic vegetation and radiation parameters to quantify their impacts on hydrological
102  simulations. To rigorously evaluate this dynamic data-driven approach at a continental scale, we
103  focus on the region of China. This region is characterized by significant vegetation greening and
104  encompasses a wide spectrum of climatic and vegetative regimes—from arid to humid zones,
105  providing an ideal testbed. The model is first calibrated and validated against multi-source
106  observational data. Through a series of carefully designed scenario experiments, we then isolate
107  and quantify the individual effects of dynamic vegetation and dynamic radiation parameters on
108  key hydrological processes. This work aims to provide concrete guidance for the effective
109  integration of satellite remote sensing products into land surface modeling, thereby advancing the

110  accuracy of large-scale hydrological flux simulations in a changing environment.
111 2. Data and methods
112 2.1.  Description of the VIC model

113 The VIC model (version 4.2.d used in this study) divides the study area into regular grid cells
114  and further subdivides each grid into multiple hydrological response units based on land cover
115  types (Liang et al. 1994). It simulates both the water balance (e.g., runoff, ET) and the energy
116  balance (e.g., sensible and latent heat fluxes, H and LE) at the grid scale. Currently, the VIC model,
117  as one of the representative LSMs, is widely used for hydrological analysis at regional and global

118  scales (Jiang et al. 2022; Peng et al. 2024; Shrestha et al. 2025).

6 /42



https://doi.org/10.5194/egusphere-2026-2505
Preprint. Discussion started: 29 June 2026 EG U
© Author(s) 2026. CC BY 4.0 License. Sp here

Albedo FVC | LAI ‘.... Albedo FVC LAl Rs RI

Default/static Dynam|c

MTCLIM and
Prata algorithm

Full dynamic scenario (S1)

VIC model

Ec+Es+T+Esn=
A

Dynamic radiation I
scenario (S2)

Dynamic vegetation
scenario (S3)

~@®>- Forest sub-grid
<> Grassland sub-grid
<> Bare land sub-grid Layer2

Dynamic vegetation forcing data

—

Dynamic radiation forcing data vicgnd

119 Default/static vegetation forcing data . Meteorological forcing data

120  Fig. 1. Schematic diagram of the VIC model. In the figure, default/static Albedo, FVC, and LAI represent multi-
121 year average monthly data. Tmax, Tmin, Pre, WS, and RH denote maximum temperature, minimum temperature,
122  precipitation, wind speed, and relative humidity, respectively. Rs and Rl represent shortwave radiation and
123 longwave radiation, with Rs_p and Rl m indicating Rs calculated by the Prata algorithm and RI calculated by
124  MTCLIM, respectively. Ec denotes canopy interception evaporation, Es is soil evaporation, T represents
125 transpiration, and Esn signifies snow/ice sublimation. BF and SF refer to baseflow and surface runoff,
126 respectively. Layer 0, 1, and 2 indicate the three soil layers. SM 0, 1, and 2 represent the soil moisture content
127  for the three soil layers.

128 For the ET simulation (Fig. 1), the VIC model computes ET within a water-balance
129  framework, partitioning it into soil evaporation (Es), evaporation of intercepted water from the
130  vegetation canopy (Ec), vegetation transpiration (T), and snow/ice sublimation (Esn). Total ET is
131  calculated as the follows equation:

182 ET = [ FVC, X (Ec+T) + FVCy,Es + Esn 1)
133 where, FVC, isthe FVC for each vegetation type, FVCy,, is the area of bare soil. Note that, by

134  default/static, FVC is prescribed as a static value and is set to 1 within the vegetation sub-grid,
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135  implying full vegetation cover (Fig. 1). After introducing dynamic vegetation data, this value is
136  replaced with the daily FVC. The equation for the three main ET components (Ec, T and Es) are

137  as follows:

2

138 Ec=f(—-)’ L pET )

Kp XLAL) 1y+719

139  where, f is the fraction of the time step during which evaporation from canopy interception
140  occurs, W; represents the intercepted water storage within the vegetation canopy, K; is a
141  constant, typically set to 0.2; the LAI used here, if no dynamic vegetation data are provided, is the
142  multi-year monthly average LAI value. 7, denotes the resistance coefficient for water

143  evaporation, 1y is the surface evaporation resistance, and PET represents potential evaporation.

144 T is calculated using the following equation:
2
_ _ Tw _ Wi 3 Tw
145 T= (1 f) Tw+ro+71¢ PET + f [1 (KLXLAI) ] Tw+ro+7¢ PET (3)

146 where, 7, is the canopy resistance (S m—1).

147 Es is assumed to originate from layer 0, the surface soil layer (typically 0.1 m thick). The VIC
148  model represents the effects of soil heterogeneity on Es using a variable infiltration capacity curve.
149  Evaporation is further limited by water availability, such that Es does not exceed the available
150  liquid water in the soil profile and remains consistent with the water balance. Together with the
151  energy balance constraint used to compute PET, Es is estimated subject to these constraints and
152 can be written as:

153 Es = PET X A + (1 — Ag) x (1 — AV2) x 1 + 23‘;1% )
154  where, A; denotes the areal fraction corresponding to when the water content in bare soil reaches

155  the saturation condition. b; defines the shape of the variable infiltration capacity curve. A is the

156  proportion of soil within the grid that has reached saturation (0-1). When Ag = 1, Es = PET. If
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157  Es > 0 and the SMO (layer0 soil moisture, mm), then Es = 0.

158 In the runoff simulation, VIC computes surface runoff (SF) and baseflow (BF) separately. SF
159  is primarily constrained by infiltration in the upper soil layer, whereas BF is mainly controlled by
160  SM (Soil moisture) in the bottom layer. SF is computed under two cases. The first case applies
161  when the top soil layer is fully saturated and is calculated as:

162  SF = Pre — (SM0,,,4x — SMO) 5)
163  where, SMO0,,,,, is the maximum moisture content of layer0 (mm) .When the layer0 is partially

164  saturated, the calculation method is as follows:

(6)

165  SF = Pre — (SMomax — SMy) + SMomax % (1 - ”ﬂ)ubi

im

166  where, i, is the maximum infiltration capacity (mm). For BF, the calculation method is as

167  follows:

Do ¢ M, SM, > W,

168 BF = ° c (7
DsXDsmax Dy SMy—Ws
TSXSMTJrDsmaxx(l_WS)X(Tm) SM, > W,

169  where, Dg is the baseflow coefficient for the saturated zone, Dgq, is the maximum baseflow
170 velocity (mm day '), SM, is the relative SM, W; is the SM threshold at which nonlinear
171 baseflow begins. Among these, D, Dgnqy, and Wi are input parameters that require calibration.
172 Note that most previous VIC applications prescribe static vegetation parameters (Meng et al.
173 2020; Xie et al. 2015; Zhu et al. 2021). In this study as shown in Fig. 1, we force VIC with remotely
174  sensed dynamic vegetation (LAI, FVC and albedo) parameters and radiation (Rs and Rl) forcings
175  to better represent hydrologic processes and water fluxes. We run the model at a 3 h time step to
176  guarantee water and energy balance. The 3-h simulated outputs are aggregated to daily values for

177 2000-2020, with 1995-1999 used as a spin-up period. The simulations are conducted at 0.0625°
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178  spatial resolution, covering 246,029 grid cells across China.

179  2.2. Model input data

180 2.2.1. Basic driver data for the model

181 The input data for the VIC model include meteorological forcing, soil parameters,
182  topographic information, vegetation parameters. The gridded meteorological forcing is taken from
183  the spatiotemporal interpolation of station observations used in previous studies (Jiang et al. 2022;
184  Penget al. 2024; Xie et al. 2015; Zhu et al. 2021). It includes daily 0.0625° Pre, Tmax, Tmin, WS,
185  and RH. The digital elevation model (DEM) data were obtained from the SRTM dataset provided
186 by the United States Geological Survey (https://earthexplorer.usgs.gov/) at a spatial resolution of
187 90 m. This dataset was used not only to drive the VIC model but also to delineate watershed
188  catchments and serve as an auxiliary variable in the interpolation of meteorological data.

189 The VIC model describes land surface conditions through soil parameter files, a vegetation
190  library, and vegetation parameter files. The soil parameter file primarily provides physical and
191  chemical properties related to soil, such as soil type and thickness. We referred to the Chinese Soil
192 Map for soil type distribution and obtained parameters for each soil layer, including saturated
193  hydraulic conductivity, bulk density, and field capacity, from existing research (Shangguan et al.
194  2013; Wang et al. 2024; Zhu et al. 2021). Parameters such as bare soil surface roughness and
195  thermal damping depth were derived from Nijssen et al. (2001).

196 The vegetation library file contains parameters for all vegetation types considered in the
197  model, all referenced from the official VIC model documentation
198  (https://vic.readthedocs.io/en/vic.4.2.d/). The vegetation parameter file describes the composition

199  and structural characteristics of vegetation within each grid cell, including the number of
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200  vegetation types, the fractional coverage of each type, and root depth and distribution. We used
201  land cover data generated from Landsat TM imagery at a spatial resolution of 1 km. To ensure the
202  input data reflect relatively stable vegetation patterns, the land cover data for the year 2010 were
203  selected for this study.

204  2.2.2. Remote sensing-based parameters and forcings

205 In addition to its basic parameter set, the VIC model can be driven by time-varying remote
206  sensing inputs. These include dynamic vegetation parameters—specifically LAI, FVC, and surface
207  albedo—and radiation forcings comprising Rs and Rl. The dynamic vegetation inputs replace the
208  model's default monthly climatological values, which are normally prescribed as long-term
209  averages over the study period. The vegetation parameters were obtained from the Global LAnd
210  Surface Satellite (GLASS, https://www.geodata.cn) product (Liang et al. 2021). This dataset
211 provides global coverage with an 8-day temporal resolution and a 500-meter spatial resolution.
212 The LAI and FVC data were respectively retrieved from MODIS and Landsat/MODIS
213 observations using general regression neural networks (Jia et al. 2016; Xiao et al. 2014). The
214  surface albedo product was generated from multi-angle observations with statistical temporal
215  filtering (Liu et al. 2013). All 8-day composite datasets were linearly interpolated to a daily
216  temporal resolution and spatially resampled to a 1-km grid to align with the land cover data.

217 The VIC model typically estimates surface radiation fluxes internally using the MTCLIM and
218  Prata algorithms, which derive these fluxes indirectly from standard meteorological inputs such as
219  air temperature and humidity. In this study, we replace these internal estimates by directly
220  incorporating remote sensing radiation products as model forcings. Specifically, the Rs is obtained

221  from the GLASS product, which is generated using a direct estimation method that converts
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222 MODIS top-of-atmosphere reflectance via a radiative transfer model (Zhang et al. 2014). The RI
223 is sourced from a high-accuracy fusion product (He et al. 2020), available through the National

224 Tibetan Plateau Data Center (https://data.tpdc.ac.cn). This product integrates ground observations,

225  remote sensing, and reanalysis data at an original spatiotemporal resolution of 0.1° and 3-hourly.
226  Both Rs and RI datasets were spatially resampled to the model’s 0.0625° grid and temporally

227  interpolated to a daily resolution.

228  2.3. Model evaluation data

229  2.3.1. In-situ observations of streamflow and ET

230 To calibrate and validate model parameters, we compile streamflow and ET observations
231  across China. For streamflow, we collect records from 50 gauging stations and convert discharge
232 to runoff by normalizing by the corresponding basin area (Tab. S1). These stations span China’s
233 nine major river basins (Fig. 2b): 14 in the Yangtze River Basin (Yz. RB), 8 in the Yellow River
234  Basin (Ye. RB), 4 in the Huaihe River Basin (Huai. RB), 4 in the Haihe River Basin (Hai. RB), 6
235  in the Pearl River Basin (Pe. RB), 4 in the Songliao River Basin (SL RB), 5 in the Southeast Rivers
236  Basin (SE RB), 3 in the Interior Rivers Basin (In. RB), and 2 in the Southwest Rivers Basin (SW
237  RB). Runoff for six stations (Lijiadu, Hushan, Wanjiabu, Dufengkeng, Changdu, and Nuxia) is
238  taken from the Annual Hydrological Report for P.R.C. Data for seven stations (Zhangjiashan,
239  Zhuangtou, Huaxian, Heishiguan, Wuzhi, Baimasi, and Xianyang) are obtained from the National

240  Earth System Science Data Center — Loess Plateau Sub-center (http://loess.geodata.cn). All

241  remaining stations are from the China River Sediment Bulletin (http://www.mwr.gov.cn/). To

242  evaluate nationwide parameter transfer, we use 41 basins for calibration and validation and reserve

243 9 basins for an independent assessment of transferability.
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244 ET observations are compiled from multiple networks, including 18 sites from FLUXNET
245  (https://fluxnet.org/), 12 sites from ChinaFLUX (https://chinaflux.org/), and 11 sites from the
246  Heihe Watershed Allied Telemetry Experimental Research (HiWATER, https://data.tpdc.ac.cn/),
247  for a total of 41 sites (Fig. 2a, Tab. S2). Flux measurements are generally interpreted as
248  representative of land surface energy exchange over an approximately 1 km footprint. To reduce
249  representativeness mismatch, we validate the model at the corresponding sub-grid scale.
(a) Land use types and ET station (b) River basin and hydrological station
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251  Fig. 2. (a) Land cover classification and spatial distribution of ET observation sites across China; (b) spatial
252  distribution of hydrological stations and their controlled sub-basins. The white lines on the map represent the
253  boundaries of the nine major river basins.
254  2.3.2. Remote sensing based ET products
255 Recognizing that site-scale validation alone is insufficient to assess the spatial performance
256  of model simulations, we compile four widely used ET products for evaluation: the Global Land
257  Evaporation Amsterdam Model (GLEAM), Penman Monteith Leuning V2 China (PML), GLASS,
258 and ETMonitor. The GLEAM product is developed by Vrije Universiteit Amsterdam
259  (https://www.gleam.eu/). I It has a 0.1° spatial resolution and daily temporal resolution. GLEAM
260  v4.la computes potential evaporation using a modified Penman equation, and then converts it to
261 actual ET by applying an evaporation stress factor constrained by multi-source satellite
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262  observations, including microwave vegetation optical depth, vapor pressure deficit, and SM
263  (Miralles et al. 2025).
264 The PML dataset is provided by the National Tibetan Plateau Data Center

265  (https://www.tpdc.ac.cn). This dataset is generated using a modified Penman Monteith Leuning

266 ~ model that couples vegetation transpiration to photosynthetic assimilation through a stomatal
267  conductance scheme (Zhang et al. 2019; Zhang et al. 2016). The model uses MODIS-derived
268  inputs, including land surface reflectance, LAI, and dynamic vegetation type, enabling robust
269  upscaling from site to regional scales. The product has a 500 m spatial resolution and daily
270  temporal resolution.

271 The GLASS land surface LE product integrates multi-source remote sensing information and
272  applies Bayesian averaging to combine five ET estimation algorithms, improving robustness and
273  accuracy (Liang et al. 2013; Yao et al. 2015; Yao et al. 2014; Zhao et al. 2013). The fusion scheme
274  optimizes algorithm weights across land cover types and uses AVHRR, MODIS, and MERRA
275  reanalysis data to produce a global LE product at 0.05° spatial resolution and 8-day temporal
276  resolution. After acquisition, LE is converted to ET using a standard conversion relationship.

277 The ETMonitor global 1-km land surface actual ET dataset is provided by the National

278  Tibetan Plateau Data Center (https://data.tpdc.ac.cn). It is produced by the ETMonitor model using

279  multi-source remote sensing and reanalysis inputs, including MODIS land cover and snow cover,
280 ESA CCI SM, GLASS LAI FVC, and albedo products, and ERAS atmospheric reanalysis. The

281  dataset is evaluated against 251 global flux towers and shows high accuracy (Zheng et al. 2022).
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282 2.4. Parameter estimation

283 The application of VIC requires parameter calibration, followed by validation of the
284  simulation reliability during the validation period. The study by Zhu et al. (2021) has ever well
285  calibrated the VIC model parameters over China, so here we took their parameter values as default
286  estimates and performed calibration, validation, and parameter transfer for the scenario
287  incorporating the newly added vegetation and radiation dynamic data.

288 The seven calibrated parameters include the soil layer depths (D;, D,, D), three baseflow
289  parameters (Dg Wy, Dgnay) and b; (Nijssen et al. 2001). We identify the optimal parameter set
290  through iterative calibration by testing parameter combinations to improve agreement with
291  observed hydrologic behavior. Calibration typically starts with the three soil layer depths, which
292  are first assigned based on local soil properties. The top layer depth (D, )is usually prescribed as
293  a thin surface layer (0.1 m), and adjustments mainly target D,and D;. We then tune the three
294  baseflow parameters. Dgy,q, 1s the maximum baseflow velocity for each grid cell and can be
295  approximated as saturated hydraulic conductivity (Ksat)multiplied by grid slope. The initial
296  value of W is typically set to 0.9 and defines the SM threshold at which nonlinear baseflow
297  initiates. Dgrepresents the fraction of Dg,,,,at which nonlinear baseflow starts, with an initial
298  value 0of0.0001 and generally less than 1. Finally, we adjust b;, the shape parameter of the Variable
299  Infiltration Curve and a defining feature of VIC. Typical b;values range from 107 to 0.4, with an
300 initial value of 0.2. Larger b;reduces peak flow and decreases runoff generation. Calibration and
301  validation are conducted for 41 sub-basins spanning China’s nine major river basins. The
302  calibrated parameters are then related to multi-year mean meteorological variables (Pre, mean

303  temperature, RH), radiation (Rs), and vegetation (LAI and FVC) using multiple linear regression
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304  (MLR). The resulting MLR models are evaluated in nine uncalibrated sub-basins and are used to
305 transfer parameters to ungauged basins. The MLR model is expressed as follows:

306 Yk = Box + PiiPre+ PrxTem + 3 RH + B4, Rs + Bs LAl + B FVC + € ®)
307  where, y, is the kth hydrological parameter requiring calibration (b;, Dg, Dsmax, Ws, D1, Do,
308  Ds3). Boy is the intercept for the kth dependent variable. B;x, B2k, Psk> Bakx> Psk> and Bgx
309 are the regression coefficients corresponding to the kth dependent variable. €, is the error term

310 for the kth dependent variable.
311  2.5. Model scenario design

312 To quantify the separate effects of the dynamic vegetation and the radiation forcings on
313  simulated water fluxes, we design three experiments (Fig. 1; Tab. 1). In S1, VIC is forced with
314  daily dynamic vegetation parameters and radiation forcings. In S2, VIC uses dynamic radiation
315  but retains the default static vegetation. In S3, VIC uses dynamic vegetation but retains the default
316 radiation estimated from meteorological inputs. We isolate the effects of dynamic vegetation and
317  dynamic radiation on runoff and ET as the differences between S1 and S2, and between S1 and S3,

318  respectively.

319  Tab. 1. Dynamic parameters and forcings used in different scenarios to detect their effects on water flux
320  simulations

Scenario LAI FVC Albedo  Rs RI Purpose

. . . . . Baseline simulation with fully
S1 Dynamic Dynamic Dynamic Dynamic Dynamic .
dynamic parameter.

Using the default/static vegetation
Default/  Default/  Default/ . . . .

S2 . . . Dynamic Dynamic forcing, S2-S1 = the effect of dynamic
static static static .

vegetation parameter.

Using the default radiation forcing,
. . . Default Default )
S3 Dynamic Dynamic Dynamic S3-S1 = the effect of dynamic
(Rs_m)  (RLp) L
- radiation parameter.

321
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322 3. Results

323 3.1. Model parameter calibration, validation, and transfer

324  3.1.1. Parameter calibration and validation

325 After incorporating dynamic vegetation and radiation data into the VIC model, we calibrated
326  and validated its parameters using observed runoff data from the 41 hydrological stations. Model
327  performance was assessed using four standard metrics: the Pearson correlation coefficient (R), the
328  Nash-Sutcliffe efficiency (NSE), the Kling-Gupta efficiency (KGE), and the relative bias (Bias).
329  During the calibration period (Figs. 3a-d, Table S3), the multi-basin average values for these
330 metrics are R = 0.88, NSE = 0.73, KGE = 0.71, and Bias = 5.05%. Spatially, the model performs
331  well in southern and eastern China, including the Yz. RB, Pe. RB, and SE RB. Model performance
332  is markedly weaker in northern and northeastern China, such as in the SL RB and Hai. RB, as
333 indicated by relatively lower NSE and KGE values. Additionally, substantial underestimation
334  occurs in the southwestern region of China (SW RB), while clear overestimation is observed in
335  the source area of the Yangtze River. During the validation period, model performance shows a
336  slight decline, with multi-basin metrics of R = 0.86, NSE = 0.68, KGE = 0.71, and Bias =—0.08%.
337  The spatial pattern of model performance in the validation period is similar to that observed during
338  the calibration period.

339 Among the 12 representative sub-basins, the VIC model effectively captures the seasonal and
340  interannual variations in runoff (Figs. 3i-t). The model performs well during both the calibration
341  and validation periods in three sub-basins in the Yz. RB (Beibei, Xiangtan, Hushan), two stations
342  in the Ye. RB (Huaxian and Wuzhi), the Shijiao station in the Pe. RB, and the Zhuji station in the

343  SW RB (Figs. 3i-m, p and r). In these sub-basins, the R value exceeds 0.85, the NSE and KGE
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344  values are above 0.65, and the Bias remains within 10% for both periods. In contrast, the NSE and
345  KGE for simulated runoff at Jiamusi in the SL RB are relatively low, both falling below 0.6 during
346  the calibration period (Fig. 3q). At Buhahekou in the In. RB, the Bias shows a substantial increase
347  during the validation period compared to the calibration period (Fig. 3s). The VIC model exhibits
348  larger biases in runoff simulation for Linyi in the Huai. RB and Nuxia in the SW RB. Linyi shows
349  overestimation, with an average Bias of 25.88% during calibration and 29.51% during validation
350  (Fig. 3n). Nuxia shows underestimation, with a Bias of —35.83% during calibration and —26.87%

351  during validation (Fig. 3t).
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353  Fig. 3. Spatial distribution of R, NSE, KGE, and Bias for the VIC model during the (a—d) calibration period and
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358  presented in panels i-t.
359

360 3.1.2. Evaluation in ungauged basins

361 To transfer the calibrated parameters to ungauged regions, we applied a multiple linear
362  regression method and validated the transfer performance using nine watershed stations that were
363  not involved in calibration. As shown in Fig. 4, the VIC model with default parameters generally
364  captures the pattern of runoff, with a mean R of 0.89 across the 9 basins (Fig. 4j). However, under
365  this parameter setting, NSE and KGE are relatively low and Bias is high. The average NSE and
366 KGFE are 0.51 and 0.44, respectively, and the average |Bias| is 30.56% (Fig. 4j). Specifically, for
367 the nine basins, the VIC model with default parameters tends to considerably underestimate runoff,
368  with an average Bias of —29.10% (Figs. 4a—i).

369 Following parameter transfer via the multiple linear regression method, the VIC model
370  achieves mean performance metrics of R = 0.90, NSE = 0.74, KGE = 0.68, and |Bias| = 10.63%
371  across the nine validation basins (Fig. 4j). Compared to the simulations using default parameters,
372  the transferred parameters lead to significant improvement in runoff simulation accuracy,
373  corresponding to relative increases of 12.50% in R, 45.10% in NSE, 54.55% in KGE, and a
374  decrease of 65.22% in |Bias|. In detail across the nine basins, the VIC model shows slight
375 underestimation in six basins (Figs. 4d—i), with only the Gaochang station having a Bias less than

376 —20% (-26.01%, Fig. 4h).
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We validate the ET simulated by the calibrated and parameter-transferred VIC model against
in-situ observations from the 41 flux tower sites. The results indicate a mean R of 0.61 between

the simulated and observed ET across all sites, with approximately half of the sites (51%)

!, and nearly

half of the sites (49%) have an RMSE below 1.50 mm day' (Fig. 5b). The mean Bias is —39.41%,
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386  and the absolute Bias is within 20% for roughly half (46%) of the sites (Fig. 5c). Spatially, the
387  VIC-simulated ET shows a tendency towards underestimation in northern China and

388  overestimation in northeastern China.

(@R (b) RMSE (c) Bias
A ,,‘Mgarjz 061 f NCx ||/ Mean: 1.99 ;] N )

: Mean 3941%‘_ N |

Bias (%)

MSE(mm da
—B-m I =~ e
389 02 04 06 08 1.0 <05 05 1.5 >2.0 -60 -20 20 60 >60

390  Fig. 5. Spatial distribution of (a) R, (b) RMSE, and (c) Bias for the comparison between VIC-simulated ET and
391  site-observed ET.

392 We further validate the simulated ET by comparing it with the established four satellite-
393  derived ET products: GLEAM, PML, GLASS, and ETMonitor. The VIC-simulated ET exhibits
394  strong spatial consistency with all four products, all consistently capturing the characteristic
395 northwest-to-southeast increasing gradient across China (Figs. 6a—e). In terms of the national
396  multi-year mean, the VIC simulation yields a value 0of 393.83 mm yr~!, which falls within the range
397  spanned by the four products (387 to 439 mm yr'). This agreement is also evident at the scale of
398 the nine major river basins in China (Fig. 6f). The temporal dynamics are equally well represented,
399  with the monthly time series of VIC-simulated ET showing high correlation coefficients (R > 0.97)
400  with all four products (Fig. 6g). The relative difference is less than 5% when compared to the PML
401  and GLASS products, and approximately —8% to —10% against GLEAM and ETMonitor. These
402  results demonstrate that the VIC model, when driven by dynamic remote sensing data, produces
403  ET estimates that are highly comparable to multiple independent satellite-based products, and
404  reliably captures the spatiotemporal dynamics of ET at the continental scale.
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405 VIC-simulated ET over China increases from the northwest to the southeast (Fig. 6a),
406  consistent with the spatial patterns in the reference products (Figs. 6b—e). The national mean ET
407  from VIC is 393.83 mm yr™!, which lies in the mid-range of the products, lower than ETMonitor,
408  GLEAM, and GLASS but higher than PML (Figs. 6b—e). Across river basins (Fig. 6f), VIC closely
409  matches the product means, with no consistent over- or underestimation in any basin. VIC also
410  reproduces the observed temporal increase in ET over 20002020 (p < 0.01) (Fig. 6g). The ET
411 trend from VIC is 0.23 mm mon™', intermediate among the products and comparable to the ET

412  from GLASS. The comparison yields a mean R of 0.99 and a mean difference of —5.30%.
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414 Fig. 6. Comparison of (a—d) spatial distribution, (e)mean values across different river basins, and (f) monthly
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415 trends among VIC-simulated ET, GLEAM, PML, GLASS, and ETMonitor. £ indicates the temporal trend of the
416  variable, **indicates that the p-value for the slope is less than 0.01, and ***indicates p < 0.001.

417 3.3. Impact of remote sensing data on model-simulated ET

418 We assess the sensitivity of VIC-simulated ET to dynamic vegetation parameters and
419  radiative forcing using the experimental scenarios outlined in Table 1. Neglecting vegetation
420  dynamics (i.e., using static vegetation data) leads to a national mean ET reduction of 5.11% (20.08
421 mm yr') (Fig. 7a). Spatially, this underestimation is most pronounced in regions of significant
422  greening, such as southern China, the Loess Plateau, and northeastern China, while slight
423 overestimation occurs in parts of northwestern China (Fig. 7a). At the river basin scale, the effect
424  is strongest in the Pe. RB, with an average decrease of 71.15 mm yr !, and minimal in the In. RB,
425  with a change of 1.96 mm yr' (Fig. 7c). In contrast, the impact of using radiation forcing is
426  comparatively small, causing a marginal increase of 0.75% (2.93 mm yr') in national mean ET.
427  Spatially, the differences arising from default radiation estimates are primarily distributed over the
428  eastern Tibetan Plateau and southern China (Fig. 7b). Across basins, the sensitivity to radiation is
429  greatest in the Ye. RB, with an average effect of —7.15 mm yr ', and negligible in the SL RB at —

430  0.05 mm yr! (Fig. 7d).
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432  Fig. 7. Spatial distribution of ET simulated by the VIC model induced by (a) remote sensing vegetation dynamic
433 data and (b) radiation dynamic data, and their differences (c, d) across river basins. Here, 4ET represents the
434 difference between the simulation results of S2 and S1.

435 At the monthly scale, the impact of dynamic vegetation data on ET simulation intensifies
436 from the period 2000-2005 to 2015-2020, with the difference being most pronounced during the
437  vegetation growing season (May to October) (Fig. 8a). In contrast, the influence of dynamic
438  radiation data shows minimal change in magnitude between these two periods, although its peak
439  monthly effect shifts later by approximately one month (Fig. 8b). Seasonally, dynamic vegetation
440  data has the strongest effect on ET in summer, with an average change of —7.91 mm season™* (Fig.
441  8c). This seasonal variation is greatest in the Pe. RB and smallest in the In. RB. The impact of
442  dynamic radiation data is more discernible in spring (1.09 mm season™') and summer (0.97 mm
443  season '), with the most pronounced seasonal differences occurring in the Pe. RB and the Ye. RB
444  (Fig. 8d).
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a) Monthly AET variations caused by RS Veg. b) Monthly AET variations caused by RS Rad.
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446  Fig. 8. Impacts of dynamic vegetation data and dynamic radiation data on ET simulation (a, b) at the monthly
447  scale across different periods, and (c, d) at the seasonal scale for China and the nine major river basins. In panels
448  aand b, the upper and lower bounds of the shaded area represent the 75th and 25th percentiles, respectively.

449  3.4. Impact of remote sensing data on model-simulated runoff

450 Regarding runoff simulation, disregarding vegetation dynamic data leads to a national mean
451  overestimation of 14.13% (29.06 mm yr ') (Fig. 9a). Spatially, this overestimation is widespread
452  across northwestern, northeastern, and southern China. Across different river basins, dynamic
453  vegetation data has the greatest impact on runoff simulation in the Pe. RB, with an average increase
454  of 68.87 mm yr !, and the smallest impact in the Huai. RB, with an average of 13.20 mm yr* (Fig.
455  9c). In contrast, omitting dynamic radiation data leads to a slight national mean underestimation
456 of 1.95% (4.01 mm yr'). Spatially, the underestimated runoff is mainly distributed in the source
457  regions of the Yangtze and Yellow Rivers in the eastern Tibetan Plateau (Fig. 9b). Across different
458  river basins, dynamic radiation data has the greatest impact on runoff simulation in the SW RB,

459  with an average effect of —11.30 mm yr?, and the smallest impact in the SL RB, with an average
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460  effect of 0.31 mm yr! (Fig. 9d).
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462  Fig. 9. Spatial distribution of runoff simulated by the VIC model induced by (a) remote sensing vegetation
463  dynamic data and (b) radiation dynamic data, and their differences (c, d) across river basins. Here, ARunoff’
464  represents the difference between the simulation results of S3 and S1.

465 At the monthly scale, the influence of dynamic vegetation data on runoff strengthens from
466  the period 2000-2005 to 2015-2020, with its peak shifting from July to August (Fig. 10a).
467  Regarding the influence of dynamic radiation data on runoff simulation (Fig. 10b), the period
468  2015-2020 exhibits a stronger negative impact compared to 2000-2005, primarily occurring in
469  June and July. Across different seasons, dynamic vegetation data exerts the greatest influence on
470  runoff simulation in summer (9.57 mm seas™) (Fig. 10d). Among the river basins, the impact of
471  dynamic vegetation data on runoff simulation is largest in the Pe. RB and smallest in the SW RB.
472  The influence of dynamic radiation data on runoff is more apparent in summer (—1.90 mm seas™)
473  and autumn (-0.94 mm seas'). Among the basins, seasonal differences in runoff induced by
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dynamic radiation data are most prominent in the Southwest Rivers Basin (Fig. 10e).
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Fig. 10. Impacts of dynamic vegetation data and dynamic radiation data on runoff simulation (a, b) at the monthly
scale across different periods, and (c, d) at the seasonal scale for China and the nine major river basins.

4. Discussion

4.1. Model reliability assessment

Evaluating runoff and ET performance across multiple scales is critical for assessing model
reliability. Our results demonstrate that incorporating dynamic vegetation and radiation parameters
into the VIC model yields favorable accuracy in simulating both runoff and ET (Figs. 3, 5, and 6).
This improvement occurs because inputting dynamic parameters allows the model to capture the
true interannual and seasonal fluctuations of vegetation and radiation states. Consequently, the
VIC model can more accurately simulate key variables in land surface water and heat flux
calculations that are altered by vegetation and radiation changes. Examples include canopy

interception capacity and transpiration capacity modified by vegetation changes, and the total
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488  energy available at the surface altered by radiation changes (Peng et al. 2024). Evaporation process
489 is particularly sensitive to both vegetation and radiation changes (Yang et al. 2023b). Our
490  validation results show good accuracy at both site and national scales (Figs. 5 and 6). Therefore,
491 by providing an accurate representation of these key variables, the inclusion of dynamic vegetation
492  and radiation parameters ultimately enhances the VIC model's simulation accuracy for runoff and
493 ET.

494 Although we thoroughly consider the impact of dynamic vegetation and radiation parameters
495  on VIC simulation performance, several other factors significantly influencing land surface water
496  and energy simulations are not included in this study. Especially, the VIC model configuration
497  used here does not account for strong human disturbances such as agricultural irrigation, reservoir
498  construction, or urban expansion. Neglecting these processes may degrade model performance in
499  some regions (Dombrowski et al. 2024; Wang et al. 2024; Zhang et al. 2025). However, the
500 dynamic vegetation parameters used in this study partially reflect the impacts of human activities,
501  such as ecological restoration projects. Moreover, at regional or continental scale as large as China,
502 the influence of human activities such as urban expansion on the simulated accuracy of runoff and
503  ETis relatively minor (Li et al. 2022; Tang et al. 2024; Wang et al. 2021).

504 LSMs have been widely applied in hydrologic research, yet parameter transfer to ungauged
505  Dbasins remains a major challenge (Guo et al. 2020; Raoult et al. 2025; Sytsma et al. 2022). To
506  address this, mainstream approaches include parameter regionalization, donor-basin transfer, and
507  transfer across hydroclimatically similar regions, as well as deep-learning methods developed on
508 these frameworks (Hu et al. 2024; Kratzert et al. 2019; Yang et al. 2023a). For example, Zhu et al.
509  (2021) calibrated and validated VIC model parameters using observed data from 29 Chinese basins
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510 and transferred parameters based on similar climate zones. However, these methods do not
511  adequately incorporate vegetation dynamics. Our parameter transfer framework employs a
512  straightforward multiple linear regression method (Eq. 8). It integrates climatic background,
513  vegetation attributes, and radiation parameters as predictors, enabling the model to achieve reliable
514  performance in ungauged basins (Fig. 4). When dynamic vegetation parameters and radiation
515  forcings are not included, the model simulation results may show a comparable R value (Fig. 11a),
516  but the NSE, KGE, and Bias are all lower than those achieved with the fully dynamic parameter
517  set (Figs. 11b-d). Notably, dynamic vegetation parameters have a particularly significant influence
518  on simulation accuracy. Our findings therefore emphasize that dynamic vegetation parameters
519  must be prioritized as a key constraint in large-scale hydrological modeling.
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521  Fig. 11. Performance of the calibrated VIC model in simulating runoff under different scenarios. In the figure,
522 S1 represents the scenario with all dynamic inputs, S2 the scenario with default/static vegetation data, and S3
523  the scenario with default radiation data.
524  4.2. Enhancing hydrological simulations with remote sensing parameters in LSMs
525 Since 2000, vegetation has experienced rapid greening driven by a series of ecological
526  restoration programs across China (Chen et al. 2019; Jiang et al. 2022; Zhao et al. 2022). From the
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527  perspective of LSM parameters, the most significant impacts of vegetation greening are on three
528  key variables: LAI, FVC, and albedo, leading to significant increases in LAI and FVC and a
529  decrease in albedo (Fig. 12a). These remote sensing vegetation parameters directly regulate key
530  Dbiophysical processes within LSMs, thereby exerting a fundamental control on the simulation of
531  water and energy fluxes. Enhanced LAI and FVC, driven by widespread vegetation greening,
532  increase canopy interception, transpiration, and surface albedo, which collectively alter the
533  partitioning of available energy and water. Recent mechanistic studies corroborate this critical link.
534  For example, Peng et al. (2024) demonstrated that integrating dynamic LAI and FVC into the VIC
535  model significantly improved the accuracy of ET component partitioning. Similarly, He et al.
536  (2024) showed that assimilating GLASS LAI and FVC into the Noah-MP model enhanced the
537  simulation of land surface temperature. These findings collectively underscore that the dynamic
538  representation of vegetation structure is not merely an input substitution but a critical step toward
539 achieving physically consistent simulations of coupled water and heat fluxes in a changing
540  environment. Our results also show that disregarding dynamic vegetation parameters causes the
541  VIC model to underestimate ET by 5.11% and overestimate runoff by 14.13% on average. This
542  effect is spatially concentrated in regions with significant vegetation greening, such as the Loess
543  Plateau (Figs. 7a and 9a). As vegetation greening intensifies, its impact on ET during the growing
544  season becomes greater (Fig. 8a), and the peak impact on runoff shifts later by one month (from
545  July to August, Fig. 10a).

546 For the ET process, vegetation greening directly increases transpiration capacity and canopy
547  interception capacity, thereby amplifying both Ec and T. Although this may suppress Es to some
548  extent, the rapid growth in T and Ec collectively elevates total ET (Jiang et al. 2022; Peng et al.
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549  2024). Since both T and Ec are closely linked to vegetation physiology, the influence of vegetation
550  dynamics on ET during the growing season intensifies with the degree of greening. For runoff
551  generation, vegetation greening reduces the amount of precipitation reaching the ground, making
552  surface runoff generation more difficult, which delays the timing and peak intensity of runoff
553  (Ficklin et al. 2024; Liu et al. 2025b; Yan et al. 2024b). Consequently, dynamic vegetation
554  parameters not only control the spatial distribution of simulated hydrological fluxes but also
555  influence their interannual and seasonal variation patterns. In the current context of frequent
556  meteorological droughts and floods, accurately accounting for vegetation dynamics becomes even
557  more critical for enhancing the simulation and forecasting accuracy of LSMs.

558 Regarding radiation changes, a significant decreasing trend in Rs and an increasing trend in
559  RI were observed in China from 2000 to 2020 (Fig. 12b). Radiation dynamics affect the direct
560 energy source for ET and also influence runoff and ET by controlling the timing and intensity of
561  snow and ice melt (Deng et al. 2025). Under the default radiation setting, the VIC model uses the
562 MTCLIM and Prata algorithms to calculate daily Rs and Rl based on meteorological forcing data
563  for each grid cell (Prata 1995; Running et al. 1987). However, this approach not only risks
564  propagating errors introduced during the generation of meteorological forcing data (e.g., through
565  spatial interpolation) but also causes substantial uncertainty in topographically complex regions
566  (Hirata et al. 2020; Yin et al. 2026). River source regions, such as the southeastern Tibetan Plateau,
567  often feature highly complex terrain and are critical zones for snow and ice melt (Deng et al. 2025;
568 Li et al. 2025). This explains why our results show a greater impact of dynamic radiation
569  parameters on ET and runoff in the southeastern Tibetan Plateau and the Tianshan region of
570  northwestern China (Figs. 7b and 9b).
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571 In summary, given the very significant overall vegetation changes across China—with LAI
572  and FVC showing highly significant increasing trends and albedo a decreasing trend (Fig. 12a)—
573 and the significant decreasing trend in Rs and increasing trend in Rl within the radiation
574  components (Fig. 12b), changes in these variables exhibit strong correlations with ET and runoff
575  simulations (Figs. 12c and d). Therefore, inputting accurate dynamic parameters into the model is
576  essential for achieving precise simulations, with the role of dynamic vegetation parameters
577  requiring particular attention.
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579  Fig. 12. Trends in (a) vegetation, (b) radiation, and (c) ET and Runoff across China from 2000 to 2020, and (d)
580  correlations between various vegetation/radiation factors and ET/Runoff. In the figure, *** denotes p < 0.001,
581  and ** denotes p < 0.01. In panels a-c, the colored band beneath the line represents the corresponding trend
582  confidence interval.
583 4.3. Limitations and Future work
584 Although we incorporate dynamic vegetation and radiation parameters into the VIC model
585 and conduct comprehensive calibration and validation of the model simulations, some
586  uncertainties may still remain in our results. First, our simulations do not account for the effects
587  of changing CO: concentration on vegetation physiology, which limits our analysis of the model
588  performance for carbon-cycle simulations. Second, land use types in the model are not dynamic,
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589  which may introduce uncertainty in simulated transpiration. However, for total ET at large spatial
590  scales, the impact of LUCC is relatively small (Li et al. 2022), and the dynamic vegetation
591  parameters we use can also partly reflect changes in vegetation types. Finally, our study does not
592  explore the impacts of dynamic vegetation and radiation factors on other key hydrologic
593  components, such as soil moisture and groundwater. This is because, compared with runoff and
594  ET, these hydrologic variables show smaller changes, or reliable observations are difficult to obtain
595  for evaluating simulation accuracy. This remains an important direction for future work.

596 For the remote sensing-based dynamic vegetation and radiation parameters, although the
597  products we use are of good quality and have been widely adopted as forcing for land surface
598  models, reliance on a single product may introduce uncertainty (Jiang et al. 2022; Peng et al. 2024).
599  Such uncertainties, arising from both the retrieval process and spatiotemporal resampling, can
600 propagate into the VIC simulations and bias the results. Our findings should therefore be
601  interpreted as the model response under the selected remote sensing forcing, rather than as a unique
602  estimate of the true land surface processes. Future work should compare multiple remote sensing
603  products and use independent observations to further quantify how uncertainties in these inputs
604  influence model outcomes.

605 With the rapid advancement of remote sensing data, an increasing number of model forcing
606  variables can now be retrieved through inversion. Initially, using remote sensing data to replace
607  intermediate variables calculated internally by models can significantly enhance simulation
608  accuracy. For example, Liu et al. (2025a) incorporated soil moisture data as a model input to
609  achieve precise ET estimation. Furthermore, the emergence of higher-resolution remote sensing
610 data for land surface characteristics provides a foundation for LSM simulations at finer scales
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611  (Shangguan et al. 2013; Shi et al. 2025; Yang and Huang 2021; Zhang et al. 2021). Moreover, the
612  development of novel vegetation dynamic datasets, such as tree height, and tree age, holds promise
613  for offering greater benefits to LSM simulation and development in the future (Hunter et al. 2025;
614  Linetal. 2023). Therefore, we argue that employing high-accuracy remote sensing data to replace
615 the estimation of certain variables is an effective strategy for reducing uncertainties inherent in

616  different LSMs during simulation and for achieving higher model simulation accuracy.

617 5. Conclusion

618 This study investigates the differential effects of various remote sensing dynamic parameters
619  on the simulation of hydrological cycle variables by incorporating remote sensing vegetation and
620  radiation dynamic data into the land surface model VIC. We not only calibrate and validate model
621  parameters using multiple runoff and ET from in-situ observations and remote sensing products,
622  but also elucidate the mechanism through which remote sensing dynamic data influence
623  hydrological simulations from the perspective of model physics. This approach addresses
624  uncertainties introduced by traditional modeling due to static model parameters, providing
625  effective support for the development of coupled LSMs and remote sensing data applications.

626 After incorporating dynamic vegetation and radiation data into the VIC model, we conduct
627  comprehensive calibration and validation using runoff monitoring data from 41 sub-basins within
628  China. During the validation period, the model achieves average performance metrics of R=0.86,
629  NSE=0.68, KGE=0.71, and Bias=—0.08%. For ungauged basins, parameters are transferred using
630 amultiple linear regression model. Validation results show clear improvements across all metrics
631  compared to those obtained with default parameters. Regarding ET simulation, comparisons with

632  site observations and multiple existing ET products confirm the high accuracy of the model
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633  simulations. Incorporating dynamic vegetation forcing reduces the bias associated with static
634  vegetation inputs, avoiding a 5.11% (20.08 mm yr ') underestimation of ET and a 14.13% (29.06
635 ~mm yr ') overestimation of runoff. This effect is more pronounced in areas with significant
636  vegetation greening. Dynamic radiation data has a smaller impact on the simulation results,
637  exerting a greater influence primarily in the eastern Tibetan Plateau.

638 Our findings indicate that dynamic vegetation data has a significant impact on land surface
639 model simulations and requires prioritized consideration. The influence of remote sensing
640 radiation dynamic data is more prominent in localized, topographically complex regions. By
641 investigating the effects of remote sensing parameters on key components of the water cycle in
642  land surface models, this study reveals the mechanisms through which dynamic vegetation and
643  radiation influence LSMs simulations, with particular emphasis on the importance of vegetation
644  dynamics. These results provide a valuable reference for optimizing land surface model

645  parameterization schemes and enhancing the accuracy of high-precision digital Earth simulations.
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