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Abstract

The Colorado River Basin (CRB) is a crucial water supply source 

experiencing prolonged drought conditions. Hydrologic models of the CRB 

have historically relied on streamflow calibration alone, limiting confidence 

in their representation of spatially distributed hydrologic processes. Here, 

we implemented a calibration and multi-source evaluation framework for 

the Variable Infiltration Capacity (VIC) model using observations from 

ground snow stations, streamflow records, and NASA’s Soil Moisture Active 

Passive (SMAP) and Gravity Recovery and Climate Experiment (GRACE) 

missions. After model calibration with snow and streamflow records, VIC 

achieved an excellent streamflow performance at key sub-basin outlets in 

the CRB (e.g., Nash-Sutcliffe Efficiency of 0.96 in the Upper Basin). 

Independent evaluations with SMAP further revealed a strong model 

performance in reproducing surface (R2 = 0.71) and root-zone (R2 = 0.81) 

soil moisture, with systematic elevation-dependent patterns in the 

comparison. A multi-year evaluation with GRACE demonstrated a robust 

reproduction of basin-scale terrestrial water storage dynamics and their 

interannual variability (R2= 0.66–0.86). This multi-source evaluation 

framework establishes the VIC model capacity to represent subsurface 

water storage dynamics in different land cover types, providing enhanced 

confidence for supporting water management in the CRB.
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Introduction

The Colorado River Basin (CRB) sustains 40 million population across 

seven U.S. states and Mexico, providing critical water resources for 

municipal supply, irrigated agriculture, hydroelectric power generation, and 

recreational activites1. Since 2000, the CRB has experienced the 

Millennium Drought, a period characterized by rising temperatures, 

reduced precipitation, declining snowpacks, and consequently diminished 

inflows into reservoirs2–5. Over successive dry years, the streamflow 

efficiency has declined as soil moisture and groundwater have been 

progressively depleted, reflecting a process of aridification6–8. Increasing 

water demands further widened the imbalance between renewable water 

supply and consumptive uses, which includes evaporative losses from 

reservoirs1,9. These compounding stressors have depleted storage in Lakes 

Mead and Powell to unprecedented levels below 30% of their total capacity, 

triggering the first-ever U.S. federal shortage declarations and their 

associated water curtailments in the CRB10. As the basin approaches the 

expiration of its operational guidelines in 2026, robust modeling 

frameworks that are grounded in hydrologic processes and constrained by 

Earth observations are essential to inform interstate negotiations and 

develop long-term adaptation strategies11–13.

Process-based hydrologic models are central to quantifying natural 

streamflow and characterizing basin responses to climate variability and 

change14,15. Among these, the Variable Infiltration Capacity (VIC) model has 
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been one of the most consulted hydrologic model in the CRB (Fig. 1) for 

sensitivity analyses16–18, seasonal forecasting19, and future projections20,21. 

Since its release in 1994, VIC has a long record of continuous model 

development, including advances in land surface physics, snow 

representation, vegetation parameterization, and meteorological forcings22–

26. Model outputs from VIC have been used by the U.S. Bureau of 

Reclamation (USBR) to generate naturalized streamflow (Q), defined as 

streamflow reconstructed to represent conditions without the effects of 

human activities such as reservoir regulation, diversions, and consumptive 

water use, which is subsequently used in the Colorado River Simulation 

System, the core water resources systems model that supports operational 

decision-making and planning across water agencies in the CRB1. 

Despite this extensive use, most VIC applications in the CRB remain 

predominantly calibrated against streamflow data at a limited number of 

stations20,27. This limited observational constraint, while sufficient for 

reproducing outflow, fails to adequately test the simulations of internal 

hydrologic variables and the hydrologic partitioning that governs 

streamflow efficiency. Consequently, models achieving reasonable 

streamflow performance may exhibit divergent representations of critical 

hydrologic processes including snow accumulation, infiltration rates, soil 

moisture dynamics, and subsurface water changes. Recent investigations 

have demonstrated the value of integrating satellite-based Earth 

observations as independent benchmarks for evaluating hydrologic model 
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performance28–32. For example, evaluation of VIC model outputs with 

Moderate Resolution Imaging Spectroradiometer (MODIS) land surface 

temperature and snow cover fraction products enabled spatially distributed 

diagnostics of internal model behavior, revealing systematic biases in 

meteorological forcings33. The procedure implemented by Xiao et al. 

(2018)33 improved the representation of snow process in the CRB beyond 

what could be achieved through streamflow-only calibration at a few basin 

outlets. 

Beyond optical remote sensing, observations from microwave and 

gravimetric satellite missions provide independent observations of water 

storage or its changes, which are important for the description of drought 

propagation from meteorological to streamflow conditions34. The Soil 

Moisture Active Passive (SMAP) mission, operational since 2015, provides 

surface (0–5 cm) soil moisture (SM) observations and root-zone (0–100 cm) 

soil moisture estimates at 9-km spatial resolution, providing a more 

comprehensive drought detection capability as compared to meteorological 

indices that neglect antecedent water storage conditions35–37. Estimates of 

root-zone soil moisture are derived through assimilation of SMAP surface 

observations into the NASA Catchment Land Surface Model (CLSM). The 

Gravity Recovery and Climate Experiment (GRACE) and its successor 

GRACE Follow-On measure integrated terrestrial water storage anomalies 

(TWSA) through gravity field observations. When combined with 

independent estimates of snow, soil moisture, and surface water storage, 
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GRACE observations have been used to infer groundwater losses during the 

Millennium Drought in the CRB6,38,39. Collectively, SMAP and GRACE 

observations provide complementary benchmarks on water storage 

dynamics, with SMAP characterizing soil moisture variability at high 

temporal frequency and kilometer-scale spatial resolution, and GRACE 

capturing low-frequency, basin-scale variations in vertically integrated 

terrestrial water storage changes that include deeper subsurface and 

groundwater components,  which are valuable for hydrologic model 

evaluations40,41. 

This study revisits the VIC model application in the CRB with the 

objective of strengthening confidence in its representation of spatially 

distributed hydrologic processes and water storage dynamics under 

prolonged drought conditions. We integrated high-resolution meteorological 

forcings, recalibrating sub-basin parameters relative to previous VIC 

applications16–21, 27, 33, 57, and evaluating the model against multiple, 

independent Earth observation products (Fig. 1). While streamflow 

observations at a limited number of gauging stations are used for 

calibration, this approach contrasts with previous VIC efforts in the CRB by 

extending model evaluation to include spatially distributed diagnostics of 

soil moisture and terrestrial water storage changes using independent 

Earth observation datasets. By incorporating Earth observations of 

subsurface water changes, the evaluation framework directly tests the VIC 

representation of water storage dynamics, which are critical for water 
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resource planning under prolonged drought conditions. Results show that 

VIC captures the spatiotemporal patterns of anomalies in soil moisture and 

terrestrial water storage changes across the CRB. These findings establish a 

comprehensive, satellite observation-constrained framework based on the 

VIC model for seasonal forecasting and long-term water resource planning 

in the CRB, as these applications depend on the accurate representation of 

basin-scale water storage dynamics.

Results and Discussion

CRB Hydroclimate from VIC Modeling Outputs. After updating the 

forcing datasets and performing the model recalibration (see Methods), VIC 

simulations reproduced well the snow-dominated hydroclimate regime, 

including the seasonal timing and interannual variability of streamflow as 

well as the spatial distribution of streamflow generation across major sub-

basins and elevation bands (Figs. 2 and S1). VIC simulated streamflow (Q, 

sum of runoff and baseflow) exhibits close agreement with naturalized 

streamflow records in the Upper Colorado River Basin (UCRB), with Nash-

Sutcliffe Efficiency (NSE) of 0.96, Pearson correlation coefficient (CC) of 

0.98, and a systematic bias of 0.01 km³ yr⁻¹ across 1984–2023 (Fig. 2a). In 

the UCRB, precipitation (P) is primarily partitioned into snowfall during the 

cool season (October–March), which accumulates as seasonal snowpacks in 

high-elevation areas. The subsequent release of this water storage through 

snowmelt, combined with spring precipitation, leads to a pronounced and 

sustained discharge during April–July that accounts for more than 60% of 
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annual Q42,43. This four-month period is also critical for operational 

predictions of reservoir operations in the CRB. In late-summer season, 

rainfall contributes minimally to basin-scale total streamflow generation, as 

it is largely consumed by evapotranspiration (ET)44. Model performance is 

further demonstrated through analyses of two major water-producing sub-

basins, the Green and Upper Colorado (Fig. 2b–c), which collectively 

generate about 83% of total UCRB streamflow. Model performance is lower 

in the Lower Colorado River Basin (LCRB; NSE = 0.65), reflecting its arid 

climate and limited runoff generation. However, since the UCRB contributes 

more than 90% of the streamflow in the CRB, VIC accurately represents 

basin-wide streamflow variability.

The spatial distribution of snowpack conditions and streamflow 

generation further show the model performance in representing the 

hydrologic dependence on elevation in the CRB. The mean annual SWE (Fig. 

2d) shows that snow accumulation is concentrated in the northern, high-

elevation headwaters, while the mean annual Q (Fig. 2e) shows a 

concentration of discharge in those same topographic domains. Fig. 2f 

presents the cumulative contribution curves of mean annual SWE and Q as 

a function of fractional contributing area (Af) by sorting cells from high to 

low elevation, with the basin hypsometry shown on the right axis. These 

curves quantify the spatial variability in the CRB, by showing that ~85% of 

both SWE and Q originate from only ~18% of the basin area situated above 

2,000 m. Below this elevation threshold, SWE exhibits a steeper decline rate 
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with elevation than Q, reflecting a transition from persistent snowpacks to 

intermittent snow regimes45,46. These spatial diagnostics and the calibration 

with point data demonstrate that VIC reproduces plausible spatial 

hydrologic patterns in the CRB (see Methods). 

Evaluation of VIC Model Performance Against Earth Observations. 

SM is a critical variable for model evaluation as it regulates the partitioning 

of P into ET, Q, and subsurface water storage changes47–49. Fig. 3a–b 

demonstrates that VIC simulated standardized anomalies in SM exhibit a 

strong agreement with SMAP L4 products over the full monthly time series 

from 2015 to 2024, yielding coefficients of determination (R2) of 0.71 for the 

surface layer (0–10 cm), and 0.81 for the root-zone (0–100 cm) averaged in 

the CRB. For comparison with SMAP root-zone soil moisture (0–100 cm), 

VIC soil moisture from layers 1 and 2 was aggregated and, where the 

combined depth exceeded 100 cm, proportionally scaled to represent an 

effective 0–100 cm soil column. In the surface layer, VIC and SMAP track 

closely during the SM accumulation phase, with z-scores rising from near-

zero values in October to their peak wetness of +0.5 to +1.0 standard 

deviations in February to March. Lower surface SM agreement emerges 

during the spring depletion period (April–July) when SMAP consistently 

shows z-scores ~0.2 to 0.4 standard deviations higher than VIC, indicating 

that SMAP retains wetter surface conditions during the main streamflow 

season. This pattern is consistent across most years, except in 2021 when 

SMAP surface SM was lower than VIC. In the late-summer period, VIC SM 
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exceeds SMAP and has reduced temporal variability, a pattern seen in all 

years.

The root-zone SM dynamics (Fig. 3b) exhibit attenuated seasonal 

amplitude compared to the surface layer, with lower peak z-score in the 

accumulation phase and a longer accumulation period. This leads to a 

temporal lag in peak SM timing between the surface and root-zone layers, 

reflecting the vertical water redistribution in the soil column. Root-zone SM 

agreement between VIC and SMAP remains robust throughout the complete 

annual cycle, with mean z-score differences consistently below 0.2 standard 

deviations. Notably, a temporal offset of approximately one month emerges 

during the March through July transition period, with VIC root-zone 

moisture peaks occurring later than corresponding SMAP maxima. 

Temporal correlation maps (Fig. 3c–d) reveal spatial differences in the 

agreement between VIC and SMAP, exhibiting a systematic elevation 

dependence. For both surface and root-zone layers, the highest correlations 

(CC > 0.7) occur in elevations below 2,000 m, whereas the lowest 

correlations (CC < 0.5) are in high-elevation regions (see insets for 

elevation dependence of CC). Based on this performance, elevation-band 

analysis was conducted (Fig. S2), revealing that the mismatch in high-

elevation root-zone values stem from a systematic offset in time. 

Specifically, in the 2000–3000 m elevation band, VIC root-zone SM peaks in 

late May while SMAP peaks in April. A similar one-month offset persists in 

the 3000–4000 m band, though both products show similar seasonal 
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amplitudes and overall temporal evolutions. Since SM typically peaks upon 

snow disappearance in snow-covered regions45, the delayed timing in VIC 

likely reflects field conditions. This is confirmed by quantitative in-situ 

evidence from SNOTEL stations (Fig. S3), which shows that across both 

mid- (2000–3000 m) and high-elevation (3000–4000 m) bands, root-zone SM 

peaks in late May and June, respectively. In both cases, the VIC simulations 

and SNOTEL observations coincide, while the SMAP maximum consistently 

occurs one month earlier (April and May, respectively). Differences in root-

zone SM between VIC and SMAP in high elevation regions can arise from 

two distinct sources. First, uncertainties related to the SMAP Level-4 

product reflect its intrinsic structural characteristics, as the root-zone SM is 

derived through assimilation of surface observations into CLSM using a 

fixed 100 cm soil column and model-dependent vertical redistribution of 

moisture. These assumptions can influence the timing at which near-surface 

wetting signals are propagated into the modeled root zone, particularly in 

snow-dominated, high-elevation environments. Second, uncertainties 

related to VIC reflect its own structural and parameterization choices, 

including a three-layer soil column with spatially variable soil depth and 

distinct representations of vertical fluxes and subsurface drainage. These 

structural differences affect how surface moisture variability propagates 

into deeper layers and should be considered when interpreting differences 

in VIC and SMAP root-zone SM estimates.
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To understand differences in root-zone SM timing between SMAP and 

VIC, TWSA data from GRACE were used as an independent test of the 

terrestrial water storage dynamics. Fig. 4a shows that VIC-derived water 

storage changes (ΔS/Δt = P – ET – Q) exhibit strong temporal 

correspondence with GRACE from 2002 to 2024 (entire monthly time 

series), with R2 = 0.86 (0.66) for the UCRB (LCRB). Multi-year average 

monthly water balance components further confirmed the consistent phase 

and amplitude of VIC and GRACE (Fig. 4b). Specifically, VIC reproduces 

GRACE patterns of water storage accumulation (ΔS/Δt > 0) during the cool 

season, with peak accumulation rates of >2 cm mon.⁻¹ during December–

January. Subsequently, water storage is depleted during the warm season 

(ΔS/Δt < 0, April–September) due to elevated ET and Q, with maximum 

depletion rates of >4 cm mon.⁻¹ in May–June. The temporal match in both 

magnitude and timing illustrates that terrestrial water storage dynamics in 

the CRB was reproduced well by the model. This is consistent with the VIC 

performance in matching the long-term Q at sub-basin outlets (Fig. 2a–c). 

Despite lacking an explicit groundwater component, the three-layer soil 

configuration in VIC effectively simulates changes in TWSA below the 

nominal vadose zone, potentially capturing groundwater processes leading 

to baseflow51. This suggest that discrepancies in root-zone SM between VIC 

and SMAP reflect the soil parameterizations rather than fundamental 

deficiencies in the representation of basin-scale water storage dynamics.
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To evaluate model skill in tracking interannual variability, the fall 

season (October–December) water storage changes, an important factor 

affecting spring streamflow efficiency7, was compared between GRACE and 

VIC (Fig. 4c). In the UCRB, the two products have moderate positive 

correlation (CC = 0.71, Table S1), with GRACE ranging from +2.32 (2004) 

to −1.22 (2020) and VIC spanning from +2.52 to −1.68. As a result, VIC can 

track fall season water storage anomalies for years with drier or wetter 

initial soil moisture conditions. Wet years, including 2004, 2010, and 2016, 

are consistently captured by both datasets with positive anomalies, while 

the 2011, 2012, and 2020 drought years exhibit concordant negative 

anomalies. VIC occasionally misrepresents transitional hydrologic 

conditions, exemplified by 2009 when GRACE indicated anomalously wet 

conditions (z = +0.66) while VIC simulated anomalously wet conditions (z = 

-0.62). Additionally, in 2006, VIC produced a wet anomaly (z = +0.53) not 

corroborated by GRACE (z = -0.60). Agreement between VIC and GRACE 

strengthens in the LCRB, achieving a high correlation (CC = 0.91). These 

results confirm that VIC reproduces the timing and magnitude of 

interannual changes observed by GRACE. Remaining discrepancies likely 

reflect a combination of model structural limitations and uncertainties in 

GRACE-derived estimates. Data assimilation frameworks provide a potential 

pathway to reduce such differences by optimally combining model 

simulations with observations while explicitly accounting for uncertainties 

in both sources52–53. At the same time, GRACE-derived estimates are subject 
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to measurement noise, spatial leakage, and uncertainty in the attribution of 

individual storage components, and should be interpreted as independent, 

large-scale benchmarks rather than a definitive reference for model 

evaluation.

Discussion. This study advances previous VIC applications in the CRB by 

moving beyond streamflow-only calibration toward a multi-source 

evaluation of spatially distributed hydrologic processes and water storage 

dynamics using remote sensing datasets. While streamflow observations 

remain essential for constraining basin-integrated runoff, this study 

provides insight into internal model behavior that cannot be inferred from 

streamflow alone. The results show that VIC reproduces the timing and 

spatial patterns of key hydrologic states across the CRB, highlighting the 

complementary roles of in-situ streamflow data for calibration and satellite 

observations for diagnosing model process representation across space and 

time. Importantly, model performance exhibits systematic elevation 

dependence: in regions below 2,000 m, VIC and SMAP show strong 

temporal agreement in surface and root-zone soil moisture (CC > 0.7), while 

performance decreases at higher elevations due to the temporal phase 

offset discussed above (Figs. 3c–d, S2, S3). These patterns reflect the 

increasing complexity of snow-soil moisture interactions at higher 

elevations, where uncertainties in meteorological forcings (e.g., 

precipitation phase partitioning and temperature lapse rates) and model 

parameterization (e.g., snow albedo decay) exert a greater influence. 
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Forested high-elevation areas introduce additional complexity through 

canopy interception and sublimation processes that affect SWE 

accumulation and soil moisture recharge timing. These findings indicate 

that future improvements should prioritize high-elevation, snow-dominated 

regions where meteorological forcing and model parameterization 

uncertainties are largest. More broadly, this work demonstrates the value of 

using Earth observations as independent benchmarks to evaluate large-

scale hydrologic models applied to the CRB. The framework presented here 

provides a pathway for systematically assessing where and why model 

performance varies across regions and processes, thereby informing future 

model development, calibration strategies, and potential data assimilation 

efforts. In this sense, the study contributes not only an updated VIC 

application for the CRB, but also a transferable evaluation approach that 

strengthens confidence in hydrologic model use for drought assessment, 

seasonal forecasting, and long-term water resources planning.

While the VIC model reproduces the dominant hydrologic features of 

the CRB, several limitations remain. Some parameters controlling snow, 

soil, and vegetation processes continue to be semi-calibrated at the sub-

basin scale, rather than directly constrained by Earth observations. In 

addition, structural simplifications including the absence of an explicit 

groundwater component and unresolved subsurface processes, particularly 

lateral groundwater flow and deep percolation below the modeled soil 

column, may affect the partitioning of water storage changes. Furthermore, 

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



VIC does not account for glacier mass balance, despite the contribution of 

glacial melt to late-summer streamflow in the headwaters of the Upper 

Colorado and Green sub-basins54,55. Advancing beyond these limitations 

requires a tighter integration of Earth observation datasets into model 

development, as well as expanding the modeling system to include physical 

processes that are oversimplified or missing. Beyond process 

enhancements, a testbed framework for systematic benchmarking of model 

simulations against multiple independent datasets, including SMAP, 

GRACE, and future Earth observation datasets, would help to facilitate the 

translation of scientific advances into operational tools. Such a framework 

would position VIC not only as a research model but also as a platform 

capable of bridging innovation with stakeholder needs for water resources 

forecasting and planning in the CRB56.

Several sources of uncertainty should be acknowledged when 

interpreting these results. SMAP root-zone soil moisture is derived through 

model-based assimilation rather than direct observation and GRACE-derived 

TWSA is subject to measurement noise, spatial leakage, and signal 

attenuation from mascon processing. Combined with the model structural 

limitations noted above, these observational uncertainties propagate into 

the evaluation diagnostics presented here. Additionally, accurate ET 

estimation over dryland environments remains challenging due to strong 

soil water constraints, introducing uncertainty in the dominant water loss 

term of the CRB water budget⁷⁵. These uncertainties have implications for 
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seasonal streamflow forecasting, where the high-elevation root-zone phase 

offset may affect spring runoff predictions, and for drought management 

and climate adaptation planning, where uncertainties in ET and subsurface 

storage propagate into estimates of long-term water availability. Reducing 

these uncertainties through expanded observational constraints and data 

assimilation remains a priority for model-based decision support in the CRB.
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Methods and Datasets

The Colorado River Basin. The CRB drains approximately 630,000 km2 

across seven U.S. states and northwestern Mexico (Fig. 1a). Under the 1922 

Colorado River Compact, the basin is administratively divided at Lees Ferry, 

Arizona, into the UCRB (Upper Basin) and Lower Colorado River Basin 

(LCRB or Lower Basin). The study basin exhibits elevations ranging 300 m 

in the arid plains of the Sonoran Desert to peaks above 4,300 m in the 

Rocky Mountains. This topographic variability generates hydroclimatic 

gradients, with mean annual precipitation varying from <100 mm yr⁻¹ in 

Lower Basin to >1,000 mm yr⁻¹ in high-elevation source areas27. The UCRB, 

despite occupying only ~35% of basin area, contributes about 92% of the 

natural streamflow, reflecting the dominance of snowmelt-driven hydrology 

in the basin water budget. 

Variable Infiltration Capacity (VIC) Model and Forcing Datasets. The 

VIC model version 5.1 was employed (Fig. 1b)57,58. VIC is a macroscale land 

surface model that solves the water and energy balances at each 

computational grid cell, where each cell is divided into land cover tiles atop 

a three-layer soil column59. The uppermost soil layer (layer 1) is commonly 

set to a depth of 10 cm and represents surface soil moisture and fast 

hydrologic responses. The depths of the second and third soil layers are 

spatially variable and are treated as calibration parameters, controlling 

root-zone water availability, vertical soil moisture redistribution, and 

subsurface storage that contributes to baseflow60. VIC does not explicitly 
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simulate a groundwater aquifer; groundwater-related processes are 

represented implicitly through soil moisture dynamics and baseflow 

generation in the deepest soil layer. The model depicts sub-grid spatial 

heterogeneity through multiple land cover tiles, elevation bands, and a 

variable infiltration curve that parameterizes the distribution of soil 

moisture storage capacity60. The total streamflow (Q) from each grid cell is 

the sum of runoff (surface layer) and baseflow (third layer). VIC simulations 

were conducted from 1984 to 2023 at 1/16° spatial resolution (~6 km grid 

spacing), representing an improvement from the 1/8° resolution (~12 km) 

used in the USBR CRB study61. 

Meteorological forcings were updated to the Parameter-elevation 

Regressions on Independent Slopes Model (PRISM) dataset62, necessitated 

by the discontinuation of a previously-applied gridded product beyond 

201826,63 and its known cold biases in high-elevation areas due to a fixed 

lapse rate64,65. PRISM provides daily precipitation and minimum and 

maximum air temperatures at 4-km resolution using a topographically 

informed interpolation framework that resolves orographic precipitation 

gradients and regional variability66. PRISM fields were bilinearly 

interpolated to match the VIC computational grid. Additional forcing 

variables, including surface pressure, specific humidity, and downward 

shortwave and longwave radiation, were derived from the PRISM fields 

using MetSim67,68. Wind speed was obtained from Phase 2 of the North 

American Land Data Assimilation System (NLDAS-2)69. Monthly land 
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surface properties, including leaf area index, canopy fraction, and albedo, 

were derived from a 17-year climatology of MODIS observations using the 

MOD-LSP product, which provides spatially explicit mean seasonal cycles of 

these properties stratified by land cover types23,24. 

Ground and remotely-sensed datasets. We applied a combination of 

ground-based SWE and Q, remotely-sensed SM, and satellite-derived TWSA 

to independently evaluate the VIC model for key hydrologic components and 

spatial domains in the CRB. Naturalized streamflow and ground-based SWE 

observations were used for model calibration, while satellite-based SM 

(SMAP) and terrestrial water storage anomalies (GRACE/GRACE-FO) 

datasets were used for independent model evaluation. Ground observations 

of SWE were obtained from 163 Snow Telemetry (SNOTEL) stations 

selected based on their completeness and elevation proximity to 

corresponding VIC cells. The naturalized streamflow records were obtained 

from USBR in key sub-basins following previous studies27. SM data were 

obtained from the NASA SMAP Level-4 Surface and Root-Zone Soil 

Moisture product (L4_SM version 7)37,70. The SMAP satellite is directly 

sensitive to near-surface soil moisture, while root-zone (0–100 cm) soil 

moisture estimates are derived through assimilation of SMAP surface 

observations into CLSM using an ensemble Kalman filter. The resulting 

product provides globally complete estimates of surface (0–5 cm) and root-

zone (0–100 cm) volumetric SM at 9-km, 3-hourly resolution starting from 

2015. The product meets the accuracy requirement for basin-scale 
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hydrologic analyses, with unbiased Root Mean Squared Error (ubRMSE) ≤ 

0.04 m3/m3. To account for systematic differences in absolute magnitudes 

between VIC and SMAP, SM values were converted to standardized 

anomalies (z-scores) absolute values over the comparison period (2015–

2024). This transformation removes mean biases and focuses comparison on 

the relative temporal variability and spatial patterns of SM anomalies71. 

TWSA observations were obtained from the GRACE mission (2002–2017) 

and its successor GRACE Follow-On (2018–present)72. GRACE/GRACE-

Follow-On satellites measure temporal variations in Earth’s gravitational 

field caused by mass redistribution, enabling estimation of vertically 

integrated water storage changes including snow, surface water, soil 

moisture, and groundwater components. Monthly TWSA data were obtained 

from the JPL RL06 Mascon solution, which is distributed on a 0.5° grid but 

represents 3° equal-area caps (i.e., the effective resolution). To account for 

signal attenuation and leakage resulting from regularization, prior 

constraints, and noise suppression in the JPL RL06 mascon processing, a 

gain factor-based scaling approach was applied⁵². Gain factors were 

computed by comparing basin-averaged GRACE TWSA with basin-averaged 

Community Land Model simulated water storage anomalies. Finally, GRACE 

TWSA was compared with VIC outputs using the water balance residual 

approach38 (P – ET – Q).

Hydrologic model calibration and evaluation. Model calibration was 

conducted using a manual, two-stage approach, first targeting snow 
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processes and then streamflow generation. Calibration was performed at 

the sub-basin scale using ground observations, with initial parameter values 

obtained from a recent VIC application in the CRB57. SWE observations 

from SNOTEL stations were used to guide snow process calibration, while 

naturalized monthly streamflow (Q) at sub-basin outlets was used to 

calibrate soil parameters. Naturalized streamflow data was produced by 

USBR (see https://www.usbr.gov/lc/region/g4000/NaturalFlow for details). 

We used naturalized streamflow records from five stations in CRB, with the 

gauge number and associated subbasin shown in Table S2 and Fig. S1. 

Snow accumulation and ablation dynamics were calibrated by 

adjusting parameters governing snow surface albedo evolution and surface 

roughness to improve agreement with observed SWE from SNOTEL 

stations. Specifically, since PRISM corrects the cold bias present in the 

previous forcing product at high elevations73, the warmer and more realistic 

temperature profiles required parameter adjustments to maintain accurate 

representation of snowpack processes. The snow albedo decay function in 

VIC follows:

αsnow = αmaxAtB, (1)

where αmax is the albedo value of fresh fallen snow, t is the number of days 

since the last snowfall, and A and B are parameters set to 0.94 and 0.58 

(0.82 and 0.46), respectively, during accumulation (ablation) phase. To 

improve the model performance, the parameters were tuned for both the 

accumulation (A = 0.98 and B = 0.58) and ablation phases (A = 0.92 and B 
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= 0.85). The parameter adjustments resulted in higher albedo values during 

both snow phases (Fig. S4), which reduced the snowmelt rate and improved 

the match with SNOTEL SWE. We further calibrated snow roughness (r) at 

a sub-basin scale to account for regional differences in snow cover. The role 

of r is defined within the snow energy-balance formulation of VIC74. 

Parameter adjustments effectively mitigated the underestimation of SWE, 

resulting in the accurate representation of snow dynamics, particularly in 

high-elevation bands (Fig. S5). The resulting parameter values for each sub-

basin are summarized in Table S3.

Following snow calibration, soil parameters governing infiltration and 

baseflow generation were calibrated to match naturalized streamflow at 

sub-basin outlets. Streamflow calibration was performed at five major sub-

basin outlet stations across the CRB, including the Green, Upper Colorado, 

San Juan, the aggregated UCRB, and the CRB above Imperial Dam (Table 

S2; Fig. S1). The calibration and detailed analysis focus on the UCRB 

because it contributes most of the naturalized inflow to Lake Powell whose 

reservoir levels are central to basin-wide water management. Model 

performance during calibration was assessed using a combined objective 

function consisting of the NSE for monthly Q and percent bias in annual 

streamflow volume. The calibration period (1984–2000) was selected to 

provide a multi-decadal baseline with continuous naturalized streamflow 

records across sub-basins, while the validation period (2001–2020) 

represents an independent test that includes pronounced drought 
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conditions and increased hydroclimatic variability. Calibrated parameters 

included: (1) the infiltration shape parameter (binf), which controls the 

variable infiltration curve representing the distribution of storage capacity; 

(2) the thickness of the second soil layer (D2), affecting total column water 

holding capacity; (3) the maximum baseflow rate (Dsmax, mm day⁻¹); and (4) 

the baseflow exponent (Ds), controlling the nonlinear relation between soil 

moisture in the third layer and baseflow generation. The final calibrated 

parameters are summarized in Table S3, and comparisons between VIC 

simulations and naturalized streamflow records are shown in Fig. S6. 

Calibration led to substantial improvements in the Green sub-basin, with 

monthly NSE increasing from 0.54 to 0.91, whereas improvements in the 

Upper Colorado sub-basin were more modest (from 0.89 to 0.91). At the 

scale of the aggregated UCRB, monthly streamflow performance improved 

from an NSE of 0.80 to 0.93. Streamflow performance at the CRB above 

Imperial Dam gauge, which includes the LCRB with the exception of the 

Gila sub-basin, is similar, as more than 90% of naturalized streamflow 

originates from the UCRB. The Gila sub-basin was not included due to the 

lack of consistent naturalized streamflow records.

Data Availability Statement. VIC and MetSim source codes are available 

on GitHub (https://github.com/UW‐Hydro/VIC and 

https://github.com/UW‐Hydro/MetSim, respectively). The historical 

meteorological forcing data are available from 

https://prism.oregonstate.edu. Updated VIC parameters for the CRB and 
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model outputs for the baseline CRB simulations conducted here are 

available through Zenodo (https://doi.org/10.5281/zenodo.17575686 and 

https://zenodo.org/uploads/17576157, respectively).
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Fig. 1. Study area and conceptual diagram of the model structure. (a) 

Land cover map in the CRB from the National Land Cover Database 2023 

(https://www.mrlc.gov) with Upper Basin and Lower Basin boundaries. (b) 

Conceptual diagram of VIC model structure and the Earth observation 

products used in this study. VIC represents hydrologic processes at the grid 

cell scale, with sub-grid tiles used to characterize heterogeneity in land 

cover types within each grid cell. Vegetation properties for each tile, 

including leaf area index (LAI), albedo, and canopy fraction (fv), are derived 

from MODIS-based products. Ground-based observations of snow water 

equivalent (SWE) from Snow Telemetry (SNOTEL) stations and naturalized 

streamflow (Q) from U.S. Bureau of Reclamation (USBR) are used for model 

calibration. Independent evaluation datasets include soil moisture (SM) 

from the Soil Moisture Active Passive (SMAP) mission and terrestrial water 

storage anomalies (TWSA) from the Gravity Recovery and Climate 

Experiment (GRACE) and GRACE Follow-On missions.
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Fig. 2. Hydroclimatic characteristics of the Colorado River Basin as 

represented by VIC model simulations. (a) Monthly climatology (1984–

2023) of total precipitation (partitioned into snow and rain, mm/mon.), 

averaged air temperature (T, C), and streamflow (Q, km3/mon.) from VIC 

simulations (Q-VIC, blue) and naturalized streamflow record (Q-NL, black 

dashed) in the UCRB (or Upper Basin). (b)-(c) Same as (a), but for Green 

and Upper Colorado sub-basins. (d) Spatial distribution of mean annual 

snow water equivalent (SWE, mm) from VIC simulations. (e) Mean annual 

streamflow (mm yr⁻¹) from VIC simulations. (f) Cumulative fraction of SWE 

and Q as a function of contributing area (Af, %), with elevation (H, m) 

profile shown on the right axis. 
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Fig. 3. Model evaluation with Earth Observation datasets. (a–b) 

Monthly variations of standardized anomalies of surface (a, zsur) and root-

zone (b, zrz) soil moisture, averaged across the CRB from VIC and SMAP 

during the period of 2015–2024. Shading denote interannual variability, 

calculated as one standard deviation from the multi-year average. (c–d) 

Maps of temporal correlation coefficients of standardized anomalies of 

surface (c, CCsur) and root-zone (d, CCrz) soil moisture between VIC and 

SMAP. Insets show elevation (H, m) variation of correlation coefficients, 

respectively. The red lines represent the smoothened trend of the data 

using a LOWESS (locally weighted regression) function.
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Fig. 4. Evaluation of basin-scale terrestrial water storage dynamics 

from VIC and GRACE. (a) Changes in terrestrial water storage from VIC 

and GRACE during 2002–2024 shown as monthly values (thin lines) and 

three-month moving average (thick lines) in the UCRB. (b) Multi-year mean 

monthly water balance components highlight consistent timing and 

magnitude of terrestrial water storage gains (ΔS/Δt > 0, green shaded 

areas) and losses (ΔS/Δt < 0, red shaded areas) in VIC as compared to 

GRACE TWSA (labelled GRACE ΔS/Δt, black lines with symbols) in the 

UCRB. (c) Scatterplot of standardized anomalies in terrestrial water storage 

from GRACE and VIC in the fall season (October–December) of all years in 

2002–2024 averaged in the UCRB and LCRB. 
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