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Key Points: 17 

 Restoring historic forest disturbance return intervals can increase water yield by 8-14% 18 

during dry years in the central Sierra Nevada. 19 

 Understory largely compensates for reduced overstory transpiration, so 73% of 20 

streamflow gains are attributable to reduced interception. 21 

 Thinner forests can increase headwaters peak flows, but climate uncertainty 22 

overwhelms this effect at the reservoir scale. 23 

  24 

mailto:eli.boardman@mountainhydrology.com


Manuscript Submitted to Water Resources Research 

 

Abstract 25 

Forest thinning and prescribed fire are expected to improve the climate resilience and water 26 

security of forests in the western U.S., but few studies have directly modeled the hydrological 27 

effects of multi-decadal landscape-scale forest restoration. By updating a distributed process-28 

based hydrological model (DHSVM) with vegetation maps from a distributed forest ecosystem 29 

model (LANDIS-II), we simulate the water resource impacts of forest management scenarios 30 

targeting partial or full restoration of the historic disturbance return interval in the central 31 

Sierra Nevada mountains. In a fully restored disturbance regime, the models predict additional 32 

reservoir inflow of 4-9% total and 8-14% in dry years. At sub-watershed scales (10-100 km2), 33 

thinning dense forests can increase streamflow generation by >20% in dry years. In a thinner 34 

forest, increased understory transpiration largely compensates for decreased overstory 35 

transpiration. Consequentially, 73% of streamflow gains are attributable to decreased overstory 36 

interception loss. Thinner forests can increase headwater peak flows, but reservoir-scale peak 37 

flows are almost exclusively influenced by climate projections. Uncertainty in the future 38 

precipitation volume causes high uncertainty in the future water yield, but the additional 39 

volume of water attributable to forest restoration is about five times less sensitive to annual 40 

precipitation uncertainty. This partial decoupling of streamflow generation from annual 41 

precipitation makes forest restoration especially valuable for water supply during dry years or 42 

in a drier future climate. Our study can increase confidence in the water resource benefits of 43 

forest restoration in the central Sierra Nevada mountains, and our modeling framework is 44 

widely applicable to forested mountain landscapes. 45 

1 Introduction 46 

 Historical fire suppression (Stephens et al. 2016, van Wagtendonk et al. 2018) and 47 

anthropogenic climate change (Seidl et al. 2017, Tague and Dugger 2010) have combined to 48 

force North American conifer forests into an unstable ecosystem state (Marlon et al. 2012, 49 

Schoennagel et al. 2017). As a result of fire exclusion policies, forests in the Sierra Nevada 50 

mountains of California and Nevada are artificially homogenous and dense (Collins et al. 2011, 51 

Dolanc et al. 2014, Taylor et al. 2014), which increases vulnerability to damaging megafires 52 

(Skinner and Chang 1996, Steel et al. 2015, Goss et al. 2020, Safford et al. 2022) and negatively 53 

impacts water security (Boisramé et al. 2017, Stephens et al. 2021b). Forest restoration, 54 

including mechanical thinning and prescribed fire to restore historical disturbance frequencies 55 

(North et al. 2007, Scholl and Taylor 2010, Kalies and Yocom Kent 2016, Stephens et al. 2021a), 56 

can increase the resilience of forests (Hessburg et al. 2019, Knapp et al. 2021) and provide 57 

societal benefits including reduced catastrophic fire risk (Loudermilk et al. 2016), stabilized 58 

carbon storage (Liang et al. 2018, Cabiyo et al. 2021), wood products (Swezy et al. 2021, Elias et 59 

al. 2023), increased ecological diversity (Stephens et al. 2021b), and increased water yield (Guo 60 

et al. 2023, Chung et al. 2024). 61 

 Multi-benefit forest restoration frameworks may help fund restoration projects by 62 

bundling convergent societal goals and economic incentives to build partnerships (Stephens et 63 

al. 2021, Quesnel Seipp et al. 2023). The Tahoe Central Sierra Initiative (TCSI) is one such 64 

partnership, focusing on multi-benefit resilience-based forest management plans for the 65 
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Truckee, Yuba, Bear, and American River basins (Manley et al. 2023). As part of the TCSI, the 66 

U.S. Forest Service is assessing the feasibility of environmental markets for ecosystem services 67 

such as water supply, carbon storage, and wood products. Several environmental markets could 68 

potentially benefit from forest management tactics leading to more frequent tree removals and 69 

controlled fire, aligned with partial or full restoration of the pre-colonial disturbance return 70 

interval (van Wagtendonk et al. 2018, Maxwell et al. 2022). In this study, we investigate the 71 

potential impact of landscape-scale forest restoration scenarios developed by Maxwell et al. 72 

(2022) on water resources in the TCSI region. 73 

 The possibility of increased water yield has incentivized forest thinning efforts for 74 

decades, but the magnitude and even direction of post-disturbance streamflow changes vaires 75 

widely across western North America (Goeking and Tarboton 2022). It is broadly observed that 76 

streamflow may increase if forest cover is reduced because of decreased evapotranspiration 77 

(ET; Hibbert 1967, Bosch and Hewlett 1982, Troendle and King 1985). At the landscape scale, 78 

however, the hydrological response to vegetation disturbance is more nuanced (Andréassian 79 

2004), and ET can increase with a thinner canopy (Goeking and Tarboton 2020) due to a 80 

combination of reduced shading (Morecroft et al. 1998), wetter soils (Boisramé et al. 2018), and 81 

vegetation regrowth (Perry and Jones 2016). In their analysis of forest disturbance for 159 82 

watersheds in the western U.S., Goeking and Tarboton (2022) found that energy-limited 83 

watersheds are more likely to experience increases in streamflow associated with reductions to 84 

forest cover compared to wetter and cooler watersheds. This mediating effect of aridity on 85 

reductions in ET after vegetation disturbance is similarly observed locally in the Sierra Nevada 86 

mountains, where more northerly (wetter) watersheds experience larger streamflow gains 87 

following disturbance (Saksa et al. 2017). Previous studies in the TCSI region, which is part of 88 

the wetter northern Sierra Nevada zone, have predicted substantial increases in streamflow 89 

after wildfire or forest restoration (Saksa et al. 2020, Roche et al. 2018 and 2020, Guo et al. 90 

2023). However, prior attempts to quantify landscape-scale streamflow changes usually rely on 91 

extrapolation from a few years of pre- and post-disturbance measurements at the plot or small 92 

catchment scale (e.g. Saksa et al. 2020, Roche et al. 2018). Landscape-scale forest restoration is 93 

not an instantaneous nor homogenous process, and the hydrological effects of proposed multi-94 

decadal forest treatment plans (Maxwell et al. 2022) are further complicated by the role of 95 

climate change in mediating ecohydrology in the coming decades (Tague and Dugger 2010). 96 

 Seasonal snowmelt controls water resources in much of western North America (Bales 97 

et al. 2006), and there have been long-standing efforts to understand how forest management 98 

might enhance the snowpack (Troendle 1983, Kattelmann et al. 1983). A majority of studies 99 

analyzed by Varhola et al. (2010) and Goeking and Tarboton (2020) associate thinner forests 100 

with increased snow water equivalent (SWE). However, forest-snowpack relationships exhibit 101 

considerable variability due to complex mass and energy interactions that are mediated by 102 

climate and topographic controls. Reduced canopy interception tends to increase SWE, 103 

particularly in areas with snowfall events near or below the canopy storage capacity (Storck et 104 

al. 2002, Boon 2012, Winkler et al. 2012). However, increased shortwave radiation reaching the 105 

snowpack in thinner forests can accelerate ablation, particularly in warmer climates and on 106 

southern aspects, which results in reduced SWE after disturbance (Ellis et al. 2011, Harpold et 107 
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al. 2014, Tennant et al. 2017). Darker snow albedo in post-fire forests can compound the effect 108 

of reduced shading, further accelerating snow ablation (Gleason et al. 2013). Due to the 109 

competing interaction of interception and shading effects, as well as additional factors 110 

including wind and thermal radiation from trees, many studies conclude that the snowpack 111 

response to disturbance is a complex function of the local conditions and fine-scale forest 112 

structure (e.g., Troendle 1983, Stevens 2017, Sun et al. 2018, Harpold et al. 2020). In the TCSI 113 

region considered in this study, high resolution lidar and modeling studies indicate that snow 114 

accumulation and meltwater inputs increase or decrease in different areas depending on the 115 

interaction of canopy structure with solar radiation and wind (Lewis et al. 2023), and opening 116 

gaps in dense canopies will promote snow accumulation and reduce ablation (Piske et al., in 117 

press). 118 

 The effect of forest disturbance on net ET, and hence water yield, depends on a cascade 119 

of complex factors (Moore and Heilman 2011, Adams et al. 2012). The different vapor loss 120 

components of ET (i.e., transpiration and evaporation or sublimation from interception storage) 121 

can be categorized depending on whether they are expected to increase or decrease in a 122 

thinner forest (c.f. Figure 1 of Goeking and Tarboton 2020). Declines in transpiration have been 123 

observed following tree mortality (Bales et al. 2018), which can reduce the soil moisture deficit 124 

and thus support additional streamflow generation from future precipitation (Troendle 1979, 125 

He et al. 2013, Boisramé et al. 2018). However, increased soil water availability sometimes 126 

supports higher transpiration rates from the remaining trees that would otherwise be water-127 

limited, thereby capping streamflow gains during dry periods (Boisramé et al. 2019). Moreover, 128 

aerodynamic effects and reduced shading can create a more arid microclimate and contribute 129 

to increases in ET from remaining vegetation (Morecroft et al. 1998, Rambo and North 2009, 130 

Ma et al. 2010, Meili et al. 2024), further limiting the streamflow response to disturbance 131 

(Biederman et al. 2014, Meili et al. 2024). As a result, watershed-scale vapor loss can increase, 132 

decrease, or remain relatively unchanged following severe forest disturbance (Goeking and 133 

Tarboton 2020). Predicting the landscape-scale response to proposed management plans 134 

requires modeling the interaction of topography, soils, snow, and vegetation over decades of 135 

planned forest treatments under a changing climate. 136 

 Forest disturbance generally increases peak streamflow (Goeking and Tarboton 2020), 137 

but this response is dependent on the interaction of many processes. At small watershed 138 

scales, peak flows tend to increase after disturbance due to interactions between elevated 139 

antecedent water tables, reduced interception, increased snow accumulation, and faster 140 

snowmelt (Lewis et al. 2001, Moore and Wondzell 2005, Pomeroy et al. 2012). Additionally, 141 

natural or prescribed fires may contribute to peak flows through increased surface runoff from 142 

hydrophobic soils (Certini 2005). The ancillary effects of mechanical thinning such as soil 143 

compaction (Startsev and McNabb 2000) or the cutting of new forest roads can similarly alter 144 

flow paths and increase peak flows (King and Tennyson 1984, Bowling and Lettenmaier 2002). 145 

Peak flow increases on the order of 50% or more have been observed after forest disturbance 146 

in catchments up to a few square kilometers in area (Moore and Wondzell 2005), but peak flow 147 

impacts in larger-scale basins remain uncertain. Jones and Grant (1996) use the variable timing 148 

of forest harvest to propose a statistical argument that forest disturbance may contribute to 149 
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substantially higher peak flows in watersheds as large as 600 km2 in the Oregon Cascade Range, 150 

though this finding is contradicted by reanalysis of the same data by Thomas and Megahan 151 

(1998). Sierra Nevada watersheds face increased flood risks from anthropogenic climate change 152 

(Huang and Swain 2022). Consequentially, the possible effects of forest restoration on peak 153 

flows in the central Sierra Nevada requires consideration. 154 

 In this study, we address two of the unsolved problems in hydrology, namely the impact 155 

of land cover change on water fluxes and the spatial variability in hydrologic extremes in 156 

response to this change (Blöschl et al. 2019) by incorporating the outputs of a forest ecosystem 157 

model into a distributed hydrological model to simulate the spatially explicit hydrological 158 

effects of landscape-scale forest management scenarios. Forest management scenarios 159 

considered here are based on input from the broader TCSI partnership (Maxwell et al. 2022), so 160 

our hydrological investigation is uniquely grounded in detailed and plausible management 161 

alternatives in a landscape-scale forest planning exercise. Using a novel combination of two 162 

state-of-the-art models and a new Bayesian calibration method, we seek to answer the 163 

following questions: (1) How much additional water yield would result from partial or full 164 

restoration of the historic forest disturbance return interval in the central Sierra Nevada, and 165 

which factors control variability in the sub-watershed response? (2) Could forest restoration 166 

increase peak flows in ways that might accentuate flood risks to small- or large-scale 167 

infrastructure? (3) How do the sources of uncertainty inherent in multi-decadal simulations 168 

(climate, model uncertainty, and other unknowns) affect water resource planning? 169 

2 Methods 170 

 Figure 1 outlines the three main components of this study. First, we set up and calibrate 171 

a hydrological model using multiple types of historical water data. Second, we set up and 172 

calibrate a forest ecosystem model to simulate vegetation responses to different forest 173 

management scenarios. Third, we run the hydrological model to the end of the century using 174 

climate projections and vegetation states from the forest ecosystem model. The following 175 

sections address each of these components in detail. 176 
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 177 

Figure 1. Methodological flowchart for simulation procedures used in this study. Vegetation 178 

states simulated by the LANDIS-II forest ecosystem model are used to update the DHSVM 179 

hydrological model under different forest management scenarios. 180 

 2.1 Hydrological Modeling 181 

 A physics-based, distributed-parameter approach to hydrological modeling enables us 182 

to quantify the interacting effects of forest restoration on hydrological processes and evaluate 183 

spatial heterogeneity in the watershed response to forest management scenarios. The 184 

Distributed Hydrology Soil Vegetation Model (DHSVM) was developed by Wigmosta et al. 185 

(1994, 2002) to simulate mountain watersheds with a particularly robust treatment of forest 186 

ecohydrological processes, such as overstory and understory interception and transpiration. 187 

DHSVM solves a water mass and energy balance on a two-dimensional grid, typically at high 188 

spatial resolution (90 m in this study) on a sub-daily timestep (3 hours in this study). The model 189 

represents vegetation with a two-layer “big leaf” approach that enables the separate 190 

calculation of overstory and/or understory interception storage, interception loss, and 191 

transpiration from three root zone soil layers in each grid cell. Streamflow in DHSVM is 192 

primarily generated from saturated subsurface discharge to a spatially explicit channel network, 193 

though overland flow paths are also included. Soil moisture is recharged by surface infiltration, 194 

and water in the saturated zone moves laterally through a shallow aquifer based on two-195 

dimensional hydraulic gradients, approximated in this study from the local surface topography 196 

and spatially variable soil hydraulic conductivity. Compared to other process-based 197 
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ecohydrology models, DHSVM is notable for the high grid-scale resolution of its water mass and 198 

energy balance and the high fidelity of its ecohydrological processes, which makes it particularly 199 

suitable for simulating the hydrological effects of heterogeneous forest disturbances (see 30-200 

model intercomparison of Beckers et al. 2009). 201 

 2.1.1 Hydrological Model Setup 202 

 We combine literature review and a variety of spatial datasets to set up DHSVM for the 203 

study region in the central Sierra Nevada mountains. The TCSI area includes four adjoining 204 

watersheds, as shown in Figure 2: the Truckee River (2,273 km2, mean elevation 2,100 m), the 205 

Yuba River (3,435 km2, mean elevation 1,305 m), the Bear River (585 km2, mean elevation 821 206 

m), and the American River (4,812 km2, mean elevation 1,350 m). Topography is represented 207 

using elevations from the Shuttle Radar Topography Mission (SRTM; Farr et al. 2007). Stream 208 

networks are initiated with a minimum catchment area of 0.1 km2, which is consistent with 209 

imagery and the National Hydrography Database (NHD) channel network (U.S. Geological 210 

Survey 2019). Textural soil data required for DHSVM are derived from POLARIS (Chaney et al. 211 

2019), a high-resolution probabilistic remapping of the Soil Survey Geographic (SSURGO) 212 

Database (Soil Survey Staff 2018). The multi-layer POLARIS data are vertically aggregated to 213 

three root-zone depth layers up to 1.2 m depth (Jackson et al. 1996), plus a deep layer. The 214 

Supporting Information includes an exhaustive description of inputs to DHSVM and their 215 

estimation for this study, and relevant code is available online (see Availability Statement). 216 
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 217 

Figure 2. Maps of the Tahoe-Central Sierra project area: (A) digital elevation model; (B) mean 218 

yearly precipitation; (C) pre-restoration leaf area index (LAI); (D) final LAI difference between 219 

the full-restoration (S6) and business-as-usual (S2) management scenarios aggregated by sub-220 

watershed. Inset map shows the study area location in the U.S. states of California and Nevada. 221 

 The parameterization of vegetation in DHSVM requires particular attention to robustly 222 

estimate the effects of forest restoration. Spatially explicit maps of vegetation type, canopy 223 

fractional cover, overstory monthly leaf area index (LAI), tree height, and dense understory 224 

presence are derived from outputs of the forest ecosystem model (Section 2.2). Where dense 225 

understory is not indicated, we assume a light understory presence beneath the forest canopy 226 

based on field experience in the study region, which indicates a typical lack of bare soil. 227 

Understory is parameterized with a constant LAI of 3 m2/m2 for dense understory or 1 m2/m2 228 

for light understory based on field estimates of LAI for shrub ecosystems common to the study 229 

area (Hughes et al. 1987 and McMichael et al. 2004). Through manual sensitivity tests, we find 230 

that most vegetation parameters are insensitive to minor perturbations in the study region, so 231 

these parameters are maintained at baseline values used elsewhere in the DHSVM literature. 232 

One particularly sensitive parameter is the minimum stomatal resistance, which controls 233 

overstory transpiration for each vegetation type. We conduct a review of 18 species-level 234 

stomatal conductance field studies to estimate minimum resistance values and uncertainties 235 

for 15 distinct DHSVM vegetation types with at least two literature estimates per type (see 236 

Supporting Information). Canopy interception parameters are estimated from numerous field 237 

studies using the literature review summaries compiled by Link et al. (2004) for rain and Martin 238 
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et al. (2013) for snow. Finally, abiotic land surfaces including water, urban, and rock types are 239 

mapped using the National Land Cover Database (NLCD; Dewitz and U.S. Geological Survey 240 

2019) and represented in DHSVM with impermeable areas and detention storage (Cuo et al. 241 

2008). 242 

 Meteorological forcing data for DHSVM are generated using a variety of spatiotemporal 243 

disaggregation techniques. Historic meteorological data are obtained from gridMET 244 

(Abatzoglou 2013), and future climate projections are obtained from the analogous 245 

Multivariate Adaptive Constructed Analogs (MACA) downscaled global circulation model (GCM) 246 

dataset (Abatzoglou and Brown 2012). Both climate datasets provide daily precipitation, 247 

minimum/maximum temperature, and wind speed at 4 km resolution. The model requires 248 

inputs of precipitation, air temperature, relative humidity, wind speed, incoming shortwave 249 

radiation, and incoming longwave radiation. We temporally disaggregate the daily data to the 250 

3-hour DHSVM timestep and simulate the additional required variables using MetSim (Bennett 251 

et al. 2020), which is based on the MTCLIM model (Hungerford et al. 1989). Precipitation is 252 

assumed constant within each day, which is a reasonable assumption for the multi-day cold-253 

season storms typical of the central Sierra Nevada (e.g. Huning and Margulis 2017), but we 254 

acknowledge that this assumption could affect assessments of rain-driven peak flow events. We 255 

spatially disaggregate 4 km gridMET precipitation data using monthly redistribution maps 256 

calculated from 800 m PRISM normals (PRISM Climate Group 2022) to exactly preserve the 257 

spatial mass balance of the 4 km data while redistributing precipitation approximately 258 

proportional to the monthly PRISM normals within each 4 km cell (Figure 2B). Preserving the 259 

exact gridMET precipitation mass balance is a priority in this study for the sake of consistency 260 

with the gridMET forcing data used for LANDIS-II, so we eschew common downscaling 261 

techniques that are not mass-preserving, such as bilinear interpolation. Temperature data are 262 

spatially disaggregated to the 90 m DHSVM grid scale using spatially variable monthly lapse 263 

rates calculated by linear regression of elevation versus PRISM monthly temperature normals 264 

for the 25 800 m cells within each 4 km gridMET cell. In the study region, there are 193 gridMET 265 

cells covering the Truckee watershed, 295 covering the Yuba watershed, 65 covering the Bear 266 

watershed, and 385 covering the American watershed. Baseline DHSVM parameters controlling 267 

snowpack accumulation and ablation are set based on the results of Sun et al. (2018) for the 268 

Sierra Nevada region. 269 

 2.1.2 Hydrological Model Calibration 270 

 We refine our baseline setup of DHSVM with calibration of key parameters. Manual 271 

sensitivity tests reveal seven parameters that are sensitive to perturbation within the a priori 272 

uncertainty range of available data: mean soil depth [m], hydraulic conductivity [m/s], the 273 

exponential decrease in hydraulic conductivity with depth [-], porosity [%], minimum stomatal 274 

resistance [s/m], the maximum air temperature for snowfall [°C], and the melt-season albedo 275 

decay rate [-]. Soil depth is calibrated using an offset applied to a baseline pattern based on 276 

topographic curvature (Patton et al. 2018) to generate a mean soil depth between 1.3 and 4 m 277 

based on the minimum required to satisfy the rooting depth and upper-bound sensitivity tests. 278 

Hydraulic conductivity and porosity are calibrated between the 5th, 50th, and 95th percentile 279 
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values for each grid cell and soil layer provided by the POLARIS data (Chaney et al. 2019). 280 

Single-valued parameters are calibrated over a prior range determined from variability 281 

observed in the literature or manual sensitivity tests, as outlined in the Supporting Information. 282 

All parameters and maps are maintained within plausible physical ranges, and all four major 283 

TCSI basins are calibrated together to improve generality. 284 

To quantify uncertainty in key hydrological processes, we evaluate six objective functions 285 

targeting different hydrological signatures. The selected objective functions are daily 286 

streamflow Nash-Sutcliffe Efficiency (NSE), log-scale NSE for two sets of sub-watersheds 287 

exhibiting comparatively high or low baseflows, root mean squared error (RMSE) for yearly 288 

water yield at large scales, RMSE for 95th-percentile high flows at large scales, and pixel-wise 289 

RMSE for yearly peak SWE. The calibration period is defined as water years 2012-2017 for 290 

streamflow data (not counting one year of model spin-up) in order to capture a range of 291 

variability, including a multi-year drought (2013-2015) and one of the wettest years in recent 292 

decades (2017). Unimpaired or reconstructed daily streamflow timeseries are obtained for 10 293 

stream gauges in the Truckee and Yuba watersheds (U.S. Geological Survey 2022; refer to 294 

calibration figures in Supporting Information for gauge numbers). Large-scale flows are 295 

constrained with reconstructions of natural streamflow at the YRS flow point (California 296 

Department of Water Resources 2022). Yearly pixel-wise peak SWE maps are calculated for the 297 

Yuba and Truckee watersheds from the Margulis et al. (2016) snow reanalysis for water years 298 

2011-2016. 299 

We apply multi-objective Bayesian optimization to the sensitive parameters identified 300 

previously in order to minimize errors in each objective function and quantify residual 301 

hydrological uncertainty. In Bayesian optimization, objective functions are modeled using 302 

stochastic processes as surrogates for the underlying model (DHSVM in our case), which boosts 303 

calibration efficiency (Jones et al. 1998). Starting with an initial minimax Latin hypercube 304 

sample of the seven-dimensional parameter space (Morris and Mitchell 1995, implemented by 305 

Dupuy et al. 2015), we use Gaussian Process regression (Rasmussen and Williams 2008, 306 

implemented by Roustant et al. 2012) to build surrogate models of each objective, and optimize 307 

the expected hypervolume improvement of subsequent parameter sets (Emmerich et al. 2011, 308 

implemented by Binois and Picheny 2019) with parallel particle swarm optimization (Kennedy 309 

and Eberhart 1995, implemented by Zambrano-Bigiarini et al. 2013). After testing a total of 300 310 

unique parameter sets during 6 rounds of optimization, we identify Pareto-efficient designs, 311 

which constitute the set of models where improving one objective requires worsening another. 312 

From this Pareto set of calibrated models, we select three high-performing models that are 313 

representative of the tradeoffs between objective functions and the residual uncertainty in 314 

calibration parameters (SI Figures S1-S3). We validate the selected models over water years 315 

2006-2011. During validation, we expand our objective functions to include two additional 316 

stream gages and reconstructed natural flows in the American River watershed at the AMF/NAT 317 

flow point below Folsom Lake (California Department of Water Resources 2022). 318 
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 2.1.3 Hydrological Model Future Runs 319 

 We simulate the long-term hydrological effects of forest restoration by running DHSVM 320 

subject to future climate projections and updating vegetation maps to reflect spatiotemporal 321 

heterogeneity associated with forest disturbances, management, and regrowth. We select the 322 

CNRM-CM5 (Voldoire et al. 2013) and MIROC5 (Watanabe et al. 2010) climate projections since 323 

these models represent endmembers for fire weather in the central Sierra Nevada study region 324 

(Maxwell et al. 2022), with CNRM-CM5 representing a relatively wet scenario, and MIROC5 325 

representing a relatively dry scenario. We select the RCP-8.5 pathway for both GCMs since this 326 

higher-emissions scenario fits likely behaviors in the near to mid-future (Schwalm et al. 2020). 327 

On average within the project area, the CNRM-CM5 climate projection has a temperature trend 328 

(Sen 1968) of 0.062 °C/yr, amounting to a 5.3 °C increase over the 85-year simulation period, 329 

with mean precipitation of 597 mm/yr. The MIROC5 climate has a temperature trend of 0.045 330 

°C/yr, amounting to a 3.9 °C increase over 85 years, with 456 mm/yr mean precipitation (24% 331 

less than CNRM-CM5). GCM projections are further disaggregated and downscaled from the 332 

Abatzoglou and Brown (2012) MACA dataset using the same methodology outlined above for 333 

consistency with the forcing data on the historic calibration and validation periods. 334 

 The effect of ongoing forest restoration is represented in DHSVM with updated maps of 335 

vegetation type, canopy fractional cover, overstory LAI, tree height, and dense understory 336 

presence every ten years. Updated vegetation maps are ingested into DHSVM on October 1st 337 

five years prior to the date that they represent. Offsetting the dates with this approach enables 338 

DHSVM to simulate hydrological conditions for each set of vegetation maps over a 10-year 339 

period centered on the year corresponding to the updated vegetation maps. More frequent 340 

(e.g., yearly) updates of the DHSVM vegetation maps could better resolve rapid changes near 341 

the beginning of the treatment period, but we find that decadal updates can satisfactorily 342 

resolve relatively slow trends in the forest landscape after the first decade of treatment. 343 

 2.2 Forest Ecosystem Modeling 344 

 To model change in vegetation over time and in response to climate and management, 345 

we used the LANDIS-II forest landscape model (Scheller et al. 2007) with parameterization 346 

following Maxwell et al. (2022). LANDIS-II is a flexible modeling framework that allows for 347 

varying extensions to model vegetation dynamics and disturbance in a spatially explicit gridded 348 

format allowing communication among cells (e.g, by seed dispersal or fire spread). In this study, 349 

we also use the Net Ecosystem Carbon and Nitrogen (NECN v6.9) succession extension (Scheller 350 

et al. 2011). NECN is a mechanistic succession model which tracks cohorts of trees (each with 351 

associated age, species, and biomass) as they grow, reproduce, recruit, and senesce. Cohort 352 

growth and establishment depend on site conditions (e.g., climate, soils) and competition with 353 

other cohorts for water, growing space, and soil nitrogen. NECN tracks carbon and nitrogen 354 

through multiple biomass and soil compartments. In NECN, climate has emergent effects on 355 

ecosystem processes through its impact on vegetation growth, respiration, and soil carbon 356 

dynamics. All model parameters and installers needed to reproduce our TCSI forest ecosystem 357 

model are available online (see Open Research section). 358 
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 2.2.1 Forest Ecosystem Model Setup and Calibration 359 

 The initial (year 0) landscape of the LANDIS-II model is derived from multiple data 360 

sources. Initial vegetation conditions are generated from Forest Inventory and Analysis (FIA) 361 

plots (Burrill et al. 2021) imputed from Landsat remote sensing products with soil data from 362 

SSURGO. We model several key disturbance processes, including fire (natural ignition and 363 

prescribed), insect pests, and harvest (through implementation of the management scenarios). 364 

 To model wildfire and prescribed fire, we use the Social-Climate-Related Pyrogenic 365 

Processes and their Landscape Effects (SCRPPLE v3.2.3) extension (Scheller et al. 2019), a data-366 

driven empirical model of fire spread, fire intensity, and tree mortality. SCRPPLE simulates fire 367 

spread, intensity, and mortality depending on fuels, weather, and topography. The fire 368 

parameters are calibrated to ignitions data (Short 2021), daily fire perimeters from the National 369 

Interagency Fire Center (NIFC 2019) and fire severity maps from Monitoring Trends in Burn 370 

Severity (Eidenshink et al. 2007). Tree mortality is parameterized using the Fire and Tree 371 

Mortality Database (Cansler et al. 2020). For details, refer to the appendix of Maxwell et al. 372 

(2022). 373 

 Insect pests are simulated using the Biomass Biological Disturbance Agents (Biomass-374 

BDA) extension, modified from BDA v2.1 (Sturtevant et al. 2004), which simulates outbreaks of 375 

pests and pathogens as a spatially contagious process dependent upon climate and host 376 

availability. We simulate fir engraver (Scolytus ventralis), Jeffrey pine beetle (Dendroctonus 377 

jeffreyi), mountain pine beetle (D. ponderosae), and western pine beetle (D. brevicomis), as 378 

well as white pine blister rust (Cronartium ribicola). We calibrate outbreak patterns using USFS 379 

Aerial Detection Survey and Ecosystem Disturbance and Recovery Tracker data (Koltunov et al. 380 

2020). The extent and severity of outbreaks is an outcome of climate, host tree density, and 381 

spatial patterning, allowing for complex interactions among climate, vegetation, management, 382 

and hydrology (Scheller et al. 2018). 383 

 2.2.2 Forest Management Scenarios 384 

 We utilize several previously developed scenarios (Maxwell et al. 2022) to represent a 385 

range of management activities ranging from very little management to approximately full 386 

restoration of a natural disturbance return interval. The scenarios’ overall objectives are to 387 

restore forest ecosystems to a state that is more similar to their character prior to fire 388 

exclusion. The scenarios attempt to restore a low- or mixed-severity fire regime by 389 

reintroducing disturbances in the form of prescribed fire or thinning from below. The 390 

proportion of the landscape treated per year depends upon the historical fire-return interval of 391 

the management zone, but ranges from ~1% to ~6% per year across the whole landscape. We 392 

implement harvests using the Biomass-Rank Biomass Harvest extension, a modification of 393 

Biomass Harvest that allows greater flexibility in selecting locations to harvest based on their 394 

biomass. Management zones are developed using land ownership and land use, slope 395 

steepness, and historical fire return interval data from LANDFIRE (U.S. Department of the 396 

Interior 2016). Within all scenarios, private lands are managed as business-as-usual, with pre-397 

commercial thinning and clearcuts on private timberlands. The wildland-urban interface (WUI) 398 
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Defense zone (within 400 m of settlements) is also treated for fuel reduction in all scenarios. 399 

The scenarios are described in detail by Maxwell et al. (2022) and summarized here. Note that 400 

the scenario names given here are selected for interpretability with reference to our 401 

hydrological results, and the concept of “business-as-usual” is not prescriptive but rather 402 

reflects a baseline level of management in the simulations. 403 

1. Reduced treatment. Management is restricted to fuel treatments within the WUI Defense 404 

zone (within 400 m of settlements) and private lands. This scenario represents a substantial 405 

reduction in general forest treatment compared to present-day management. 406 

2. Business-as-usual (BAU). This scenario is designed to closely match management practices in 407 

the present and recent past, including private land management and management of general 408 

forests as recorded in USFS and CalFire databases. 409 

3. Partial restoration with less fire. In this scenario, treatments are extended to general forest 410 

and roadless areas. Almost all treatments are either mechanical thinning or hand thinning, 411 

depending upon the slope steepness and land use category. Prescribed fire is used for 5% of 412 

treatments on general forest land and 20% of treatments in roadless areas.  413 

4. Partial restoration. This scenario is similar to Scenario 3, but it replaces 20% of the thinning 414 

treatments in the WUI Threat zone with prescribed fire. 415 

5. Full restoration with less fire. This scenario and Scenario 6 attempt to replicate the historical 416 

disturbance return interval (~6% of the landscape treated per year). The types of treatment and 417 

kinds of stands treated are identical to Scenario 4, but the area treated per year is greater.  418 

6. Full restoration. Compared to Scenario 5, this scenario increases the amount of prescribed 419 

fire: 30% of treatments in general forest and roadless areas use fire rather than mechanical 420 

thinning treatments. 421 

 2.2.3 Forest Ecosystem and Hydrological Model Linkage 422 

 In order to assess the emergent effects of forest management and disturbance on water 423 

resources, we translate outputs from LANDIS-II into suitable inputs for DHSVM. LANDIS-II 424 

generates several outputs natively which can be directly used in DHSVM, including LAI (Figure 425 

2C) and species composition (SI Figure S14), but other outputs require further processing. To 426 

create inputs for fractional canopy cover, we use regression models from FIA data. For details, 427 

refer to the appendix of Zeller et al. (2023). Because the LANDIS-II model is parameterized from 428 

forest inventory data, understory vegetation is underrepresented in the vegetation layers, 429 

which could bias the hydrological model. To impute understory vegetation cover, we use FIA 430 

data to create beta regression models predicting understory shrub cover as a function of tree 431 

biomass, tree age, canopy cover, and forest type. We classify sites as having dense understory if 432 

the regression model predicts understory shrub cover exceeding 20%. Sites without a shrub 433 

understory have an assumed light understory cover in DHSVHM, typical of grasses and forbs in 434 

the study area, as discussed in the hydrological modeling section. 435 
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 2.3 Output Processing and Scenario Comparisons 436 

 Comparing simulated watershed behaviors between different restoration scenarios 437 

enables us to attribute variable hydrological dynamics to forest management actions. 438 

Differences in modeled maps of yearly pixel-wise peak SWE and snowmelt timeseries can 439 

quantify forest disturbance impacts on snowpack dynamics. We use simulated streamflow 440 

timeseries to estimate additional reservoir inflow volumes attributable to forest restoration, 441 

and we construct flow duration curves (Vogel and Fennessey 1995) to assess impacts on the 442 

high flow regime. Finally, aggregated timeseries of water mass balance fluxes enable us to 443 

calculate differences in the partitioning of landscape-average yearly overstory and understory 444 

transpiration, overstory and understory interception loss, and streamflow generation. 445 

 We analyze the effects of forest restoration on local streamflow generation and peak 446 

flows using sub-watershed daily streamflow timeseries. During each DHSVM run, we save 447 

streamflow records at 139 selected pour points approximately corresponding to the HUC-12 448 

watersheds represented in the NHD watershed boundary dataset (U.S. Geological Survey 2019). 449 

We calculate yearly local streamflow generation for each sub-watershed by subtracting 450 

streamflow contributions from any upstream tributaries. Comparing streamflow generation in 451 

different management scenarios isolates the effect of forest restoration. To analyze peak flow 452 

effects, we compute the Sen’s slope (Sen 1968) for one-day yearly peak flows in each sub-453 

watershed across the full 85-year period. By differencing the peak flow trends for each sub-454 

watershed under different management scenarios, we ascertain the effect of forest restoration 455 

on one-day yearly peak flows. This approach isolates the effects of each management scenario 456 

by removing climate-induced peak flow trends from the business-as-usual scenario. 457 

 To investigate peak flow connections to forest restoration, we isolate major storm 458 

runoff events and compare contemporaneous water balance fluxes between different 459 

management scenarios. Since we model the study region with four separate watershed 460 

domains, three DHSVM models, and two GCMs, we obtain a total of 24 watershed-aggregated 461 

timeseries. In each timeseries, we identify yearly peak flow dates across the 85-year simulation 462 

period. For peak flow events preceded by multiple days of continuous precipitation, we define a 463 

storm period extending from the first day with more than 1 mm/d of precipitation through the 464 

day of the yearly peak flow. For each such event, we calculate precipitation intensity as the 465 

mean daily precipitation rate during the storm period. For the 10 highest-intensity precipitation 466 

events prior to yearly peak flows in each combination of watershed, DHSVM model, and GCM, 467 

we calculate storm-total interception by subtracting the total overstory and understory 468 

interception storage (rain plus snow) on the first day of the continuous storm period from the 469 

total interception storage on the peak flow date. We similarly calculate cumulative interception 470 

vapor loss, snowpack outflow, and snow energy balance fluxes over the same storm periods. 471 
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3 Results 472 

 3.1 Hydrological Model Calibration and Validation 473 

 We select three Pareto-efficient DHSVM parameter sets from our multi-objective 474 

Bayesian calibration based on tradeoffs between simulation accuracy for the snowpack, 475 

baseflows, yearly water yield, and high flows. Model A achieves the highest area-weighted daily 476 

NSE across all calibration watersheds, Model B has the lowest RMSE for large-scale high flows, 477 

and Model C has the lowest yearly water yield RMSE subject to the requirements of daily NSE > 478 

0.8 and high-flow daily RMSE < 80 m3/s. The three selected models are Pareto-efficient for all 479 

six calibration objective functions and representative of the residual uncertainty in the 480 

calibration parameter space. Model A is notable for having relatively low porosity and a slower 481 

decrease in transmissivity with depth (deep layer average porosity of 0.40 compared to 0.53 in 482 

Model B and 0.54 in Model C). Model B is notable for having relatively deep soil (3.8 m average 483 

compared to 2.8 m in Model A and 2.4 m in Model C). Model C is notable for having relatively 484 

low transpiration rates (average minimum stomatal resistance across conifer classes of 260 s/m 485 

compared to 189 s/m in Model A and 187 s/m in Model B). All three selected models have 486 

relatively high effective hydraulic conductivities, near the 95th percentile of the POLARIS data 487 

(Chaney et al. 2019), with snow parameters converging reasonably close to those estimated by 488 

Sun et al. (2018) for the Sierra Nevada region. 489 

 The ensemble of calibrated DHSVM models reproduces key hydrological signatures 490 

during historic calibration and validation periods. During the calibration period (water years 491 

2012-2017), the three selected models achieve a mean area-weighted daily NSE of 0.82 across 492 

all 10 gauged watersheds, with an area-weighted NSE of 0.75 indicating a moderate decrease in 493 

skill on the validation period (water years 2006-2011). The decrease in NSE during the 494 

validation period could be caused in part by lower year-to-year variability in streamflow, which 495 

reduces the total sum of squares (denominator of NSE). In the North Yuba watershed (USGS 496 

station 11413000), which is the largest gauged basin without upstream flow regulation in our 497 

study area (650 km2), the calibrated models produce a mean daily NSE of 0.87 over the 498 

calibration period and 0.80 over the validation period (Figure 3). In log-transformed space, the 499 

calibrated models produce calibration and validation NSEs of 0.94 and 0.92 in the North Yuba, 500 

indicating that DHSVM is satisfactorily reproducing both low-flow and high-flow regimes at this 501 

gauge, including major peak flows associated with rain-on-snow events in the winter of 2017 502 

(Figure 3). Daily NSEs are more variable in smaller watersheds (11-130 km2), typically in the 503 

range of 0.6 to 0.8 for both calibration and validation periods with occasional larger errors 504 

associated with incorrect rain-snow partitioning at the ~10 km2 scale in steep terrain (refer to 505 

Supporting Information for a full set of hydrographs). At full watershed scales, DHSVM shows 506 

low bias in water yield, with bulk runoff errors of -8% to +2% at the YRS and AMF full natural 507 

flow points during calibration and validation periods (mean error -3% across all models and 508 

periods at both measurement points). The calibrated models also satisfactorily reproduce 509 

variability in large-scale peak flows, pixel-wise maximum yearly SWE, and pixel-wise maximum 510 

yearly SWE timing (SI Figures S4-S13). 511 
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 512 

Figure 3. Example calibration and validation hydrographs for DHSVM. The North Yuba (USGS 513 

station 11413000) is the largest gauged watershed in the study area that has negligible 514 

upstream diversion or flow regulation. The model is calibrated on a total of 10 watersheds and 515 

validated on a total of 12 watersheds (refer to Supporting Information for additional calibration 516 

and validation hydrographs). 517 

 3.2 Forest Ecosystem Response to Disturbance 518 

 The LANDIS-II forest ecosystem model produces spatially explicit timeseries of 519 

vegetation characteristics across a spectrum of prescribed forest management scenarios. 520 

Conifer forests cover most of our central Sierra Nevada study region with the exception of high 521 

alpine regions and lakes, most notably Lake Tahoe. The historical baseline map from LANDIS-II, 522 

used for DHSVM calibration, has an area-averaged grid cell LAI of 2.3 m2/m2, with a median of 523 

2.2 m2/m2 and a 90th percentile of 4.5 m2/m2. The densest forests are historically concentrated 524 

at mid-elevations on the west slope of the mountain range (Figure 2C). 525 

 Partial or full restoration of the historic forest disturbance return interval produces 526 

relatively thinner forests. Regardless of management scenario, LANDIS-II indicates a substantial 527 

decrease in forest density by the end of the century primarily from increased insect mortality 528 

(Maxwell et al. 2022). In the business-as-usual scenario (S2), LANDIS-II shows a mean LAI of 1.5 529 

m2/m2 at the end of the century (median 1.3 m2/m2 and 90th percentile 3.4 m2/m2), which is a 530 

decrease of 33% relative to the pre-restoration mean (averaged across both climates). 531 

Comparatively, the reduced treatment scenario (S1) shows a 32% decrease in mean LAI, the 532 

partial restoration scenarios show a 36% decrease in mean LAI (both S3 and S4), and the full 533 

restoration scenarios show a 43% (S5, less fire) or 47% (S6, more fire) decrease in mean LAI 534 
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over the same 85-year period. At the end of the century, mean LAI in the full restoration (S6) is 535 

0.31 m2/m2 lower (-14%) compared to the business-as-usual scenario (S2). Scenario differences 536 

in post-restoration LAI are largest in the same mid-elevation west slope regions that have the 537 

densest initial forest cover (Figure 2C-D), up to a maximum sub-watershed difference of 1.2 538 

m2/m2 (39%) between full restoration and business-as-usual scenarios. In all scenarios and both 539 

climates, LANDIS-II predicts significant species changes during the 85-year simulation period; 540 

most notably, white fir (A. concolor) cover substantially decreases and Douglas fir (P. menziesii) 541 

cover increases. Additionally, understory cover increases at higher elevations regardless of 542 

management scenario. Refer to SI Figure S14 for maps of initial and final vegetation types and 543 

understory LAI. 544 

 3.3 Simulated Effects on the Snowpack 545 

 In restoration scenarios with a relatively thinner forest canopy, DHSVM predicts 546 

relatively higher landscape-average snowpack accumulation. A pixel-wise average of the peak 547 

yearly SWE in all three models and all 85 years provides a spatial metric for snow accumulation 548 

during the simulation period (Figure 4). Compared to business-as-usual (S2), the mean pixel-549 

wise peak SWE in the full restoration scenario (S6) is about 5% higher in the wetter CNRM-CM5 550 

climate and about 6% higher in the drier MIROC5 climate. In both climates, the absolute 551 

magnitude of peak SWE differences between S6 and S2 varies between about -5 and +12 cm 552 

(1st and 99th percentiles). The spatial heterogeneity of SWE accumulation effects is only slightly 553 

lower (-4 to +13 cm) when only considering grid cells where LAI is lower in S6 than S2 to 554 

account for the effect of stochastic disturbance locations in LANDIS-II outputs. Thus, most of 555 

the modeled heterogeneity in the snowpack response to forest thinning (Figure 4) is 556 

attributable to meaningful differences in the model response to forest structure rather than 557 

merely spatial noise resulting from the stochasticity of the prescribed treatments. We observe 558 

that the percent change in pixel-wise peak SWE is relatively consistent throughout the 559 

simulation period, but the effect begins to attenuate during the 2070s-2090s as precipitation 560 

increasingly falls as rain in a warmer future climate (SI Figure S15). The pixel-wise snow ablation 561 

rate, calculated from the peak SWE date to the melt-out date, also increases by around 1-10% 562 

in most years, except late in the century when thinner forests melt out marginally slower (SI 563 

Figure S16). 564 
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 565 

Figure 4. Difference in pixel-wise peak snow water equivalent (SWE) between the full 566 

restoration (S6) and business-as-usual (BAU, S2) forest management scenarios, calculated as an 567 

average over the full 85-year period under the CNRM-CM5 (wetter) and MIROC5 (drier) RCP 8.5 568 

climate projections. 569 

 3.4 Simulated Effects on Streamflow Generation 570 

 DHSVM predicts an increase in streamflow generation from forested sub-watersheds in 571 

the central Sierra Nevada with an increased pace of forest restoration (Figure 5). On average 572 

over the 85-year simulation period across the whole study area and all three models, DHSVM 573 

predicts 4.3% more total streamflow generation in S6 relative to S2 under the wetter CNRM-574 

CM5 climate, and 5.7% more total streamflow generation under the drier MIROC5 climate. 575 

However, the effect of forest restoration on local streamflow generation is heterogeneous in 576 

space and time. In certain sub-watersheds, the average 85-year streamflow change is as high as 577 

+27% in the drier climate and +22% in the wetter climate. Conversely, the effect is near zero in 578 

sub-watersheds with low initial forest cover. Decreases in streamflow generation (as low as -579 

4%) are observed where forest cover is locally denser in S6 than in S2, a result of stochasticity in 580 

the spatial distribution of fires between different LANDIS-II runs. Averaging over only the driest 581 

10 years in each climate projection, sub-watershed streamflow generation increases by up to 582 

+35% under the drier MIROC5 climate (median = +6%, 90th percentile = +18%) and up to +27% 583 

in the wetter CNRM-CM5 climate (median = +7%, 90th percentile = +18%). In summary, 584 

restoring a more frequent disturbance return interval to Sierra Nevada forests has the greatest 585 

relative effect on streamflow generation during dry years. 586 
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 587 

Figure 5. Percent difference in local streamflow generation for 139 sub-watersheds in the full-588 

restoration (S6) forest management scenario relative to the business-as-usual (BAU, S2) 589 

scenario, calculated as an average over the full 85-year period and as an average over the driest 590 

10 years in each climate. The checkerboard pattern is produced by interweaving results from 591 

three calibrated DHSVM models, thus representing uncertainty in the hydrological model. 592 

 Sub-watersheds show significantly different streamflow generation responses 593 

depending on the local climate and initial forest conditions. The absolute streamflow 594 

generation response to forest restoration (S6 – S2) in units of water depth (SI Figure S17) has a 595 

median of 45 mm/yr or 39 mm/yr, a 90th percentile of 93 mm/yr or 82 mm/yr, and a maximum 596 

of 151 mm/yr or 142 mm/yr in the wetter (CNRM-CM5) and drier (MIROC5) climates, 597 

respectively. Spatial heterogeneity in the absolute (not percentage) effect on streamflow 598 

generation correlates with the sub-watershed mean historical LAI (Pearson correlation r = 0.69), 599 

the LAI difference between scenarios at the end of the century (r = 0.93), and precipitation (r = 600 

0.64), with no linear correlation to elevation (r = 0.14). Comparing Figures 2 and 5, we note that 601 

the largest percentage gains in streamflow occur in watersheds at low- to mid-elevations on the 602 

west slope of the Sierra Nevada where the forest is initially dense and precipitation is relatively 603 

low. In this relatively arid zone, pre-restoration streamflow generation is low, so small changes 604 

to the water balance can lead to large percentage streamflow gains. Considering absolute 605 

differences in area-normalized streamflow instead of percentage differences, forest restoration 606 

has the largest effect in sub-watersheds with a combination of relatively high precipitation and 607 

dense pre-restoration forests. Most of the landscape-scale increase in water yield is 608 
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attributable to forest disturbance in relatively wet regions, but the largest relative impact on 609 

streamflow generation occurs in relatively dry regions. 610 

 3.5 Simulated Effects on Water Balance Partitioning 611 

 Precipitation inputs to DHSVM are identical in all management scenarios, so changes in 612 

other water balance terms must sum to zero. Calculating the difference in water balance fluxes 613 

between forest management scenarios reveals the impact of forest restoration on water 614 

balance partitioning. Yearly storage changes and soil evaporation only show negligible 615 

differences between management scenarios, so these terms are excluded from comparison 616 

here. The negligible change in simulated soil evaporation is partially a result of our assumption 617 

that light understory is present in all forested grid cells (Section 2.1). 618 

 Systematic increases in water yield from forest restoration are primarily attributable to 619 

decreased canopy interception loss, because increases in understory transpiration largely 620 

compensate for decreases in overstory transpiration (Figure 6). For the remainder of this 621 

section, analogous numeric values are given first for the wetter future climate (CNRM-CM5) 622 

and second for the drier future climate (MIROC5). Mean overstory transpiration is 42 or 40 623 

mm/yr lower on average across all years in the full restoration scenario relative to business-as-624 

usual. However, mean annual understory transpiration is 31 or 29 mm/yr higher in the full 625 

restoration scenario, which compensates for 72% or 73% of the reduction in overstory 626 

transpiration. Mean interception loss from the canopy is 41 or 35 mm/yr lower in the full 627 

restoration scenario, while understory interception loss increases by only 9 or 7 mm/yr, a 628 

smaller compensation of 21% in both climates. Since increases in understory ET do not fully 629 

compensate for decreases in overstory ET, the full restoration scenario generates 45 or 40 630 

mm/yr more streamflow on average relative to the business-as-usual scenario. About 27% or 631 

28% of the increased streamflow generation in the full restoration scenario is attributable to 632 

decreased transpiration and about 73% or 72% of increased streamflow generation is 633 

attributable to decreased interception loss. 634 
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 635 

Figure 6. Timeseries of differences in yearly water balance fluxes between full restoration (S6) 636 

and business-as-usual (BAU, S2) forest management scenarios, averaged across the entire study 637 

area. All terms are calculated as the difference between forest management scenarios with 638 

equal precipitation, so all changes in the water balance fluxes visualized here approximately 639 

sum to zero each year. Fluxes that are larger component of the water balance in S6 relative to 640 

S2 are positive here, and vice versa. Dashed vertical lines indicate dates where vegetation maps 641 

in DHSVM are updated using outputs from LANDIS-II. 642 

 3.6 Simulated Effects on Peak Flows 643 

 DHSVM predicts a trend toward relatively higher one-day yearly peak flows in sub-644 

watersheds that are subject to a more frequent forest disturbance regime. Both the CNRM-645 

CM5 and MIROC5 climate projections cause trends towards higher peak flows in at least half of 646 

the 139 sub-watersheds in the project area, calculated as the Sen’s slope of one-day yearly 647 

peak flows. The peak flow trend is stronger in the relatively wet CNRM-CM5 climate, with a 648 

median sub-watershed peak flow trend of +0.75% per year in the business-as-usual 649 

management scenario. The analogous median trend in the drier MIROC5 climate is +0.33% per 650 

year. In both climates, scenarios with a more frequent forest disturbance return interval can 651 

produce hydrographs with accelerated peak flow trends in certain sub-watersheds (SI Figure 652 



Manuscript Submitted to Water Resources Research 

 

S18). Relative to business-as-usual (S2), yearly one-day peak flows in the full restoration 653 

scenario (S6) are 3% or 6% higher on average across all sub-watersheds in the wetter and drier 654 

climates, respectively. There is a large degree of variation in the relative sub-watershed peak 655 

flow response (SI Figure S19), and the maximum difference between mean annual peak flows 656 

for particular sub-watersheds in these two scenarios is as high as 23% in the wetter climate or 657 

39% in the drier climate. However, percentage-based metrics can overemphasize sub-658 

watersheds with relatively low streamflow, so it is more informative to compare Sen’s slope 659 

trends in area-normalized specific discharge units (mm/d/yr), as in Figure 7. Note that the 660 

streamflow generation effect is calculated after subtracting upstream watershed contributions, 661 

but the peak flow trend is calculated from raw hydrographs to represent the actual peak flows 662 

in a particular channel reach (including upstream contributions). 663 

 664 

Figure 7. Relationship between increased streamflow generation and increased one-day yearly 665 

peak flows for sub-watersheds subject to different forest restoration scenarios. Differences in 666 

streamflow generation and peak flow trend are shown for the full-restoration scenario (S6) 667 

relative to the business-as-usual (BAU, S2) scenario. Each point represents a single sub-668 

watershed simulated with a particular DHSVM model. The results from all three calibrated 669 

DHSVM models are connected with line segments, creating a triangular region that represents 670 

the uncertainty in the response of each sub-watershed. 671 
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 We observe a tradeoff between increased streamflow generation and elevated peak 672 

flow trends in scenarios with more frequent forest disturbance (Figure 7). Considering all sub-673 

watersheds across all management scenarios, the correlation between additional water yield 674 

and a higher peak flow trend is stronger in the wetter future climate (r = 0.60 in CNRM-CM5 675 

and r = 0.33 in MIROC5). Relative to the business-as-usual scenario (S2) and averaged across all 676 

three models, both climates, and all 139 sub-watersheds (area-weighted), the reduced 677 

treatment scenario (S1) has 2 mm/yr less streamflow generation and no clear pattern of peak 678 

flow change. The scenarios with partial restoration of the disturbance return interval have 679 

increased streamflow generation of 8 mm/yr (S3, less fire) or 9 mm/yr (S4, more fire), with peak 680 

flow trends higher by 0.0036 mm/d/yr (S3) or 0.0037 mm/d/yr (S4). Finally, full restoration of 681 

the disturbance return interval produces increased streamflow generation of 34 mm/yr (S5, less 682 

fire) or 42 mm/yr (S6, more fire), with peak flow trends higher by 0.0062 mm/d/yr (S5) or 683 

0.0094 mm/d/yr (S6). Compared to the partial restoration scenarios (S3 and S4), the full 684 

restoration scenarios (S5 and S6) are about 4.5 times as efficacious at producing additional 685 

streamflow. 686 

 At watershed scales that are relevant for reservoir operations, the effect of forest 687 

restoration on peak flows is overwhelmed by the uncertainty of future climate projections. 688 

There are two major artificial reservoirs in the project domain: New Bullards Bar (capacity 689 

966,00 acre-ft. / 1.19 km3) in the North Yuba River watershed, and Folsom Lake (capacity 690 

976,000 acre-ft. / 1.20 km3) at the outlet of the American River watershed. Comparing daily 691 

flow duration curves for both of these reservoirs derived from DHSVM shows that forest 692 

management only has potential to exert a negligible impact on the high flow regime compared 693 

to the uncertainty in future precipitation trends (Figure 8). We note that the reservoir-scale 694 

peak flow statistics presented here are calculated from raw modeled hydrographs, not 695 

accounting for upstream diversions or artificial storage, and are thus not suitable for 696 

comparison with historical flow records. Over all 85 years in the simulation period, the mean 697 

yearly one-day peak flow is 80% higher for New Bullards Bar and 94% higher for Folsom Lake in 698 

CNRM-CM5 compared to MIROC5. Comparing the same statistic between full restoration (S6) 699 

and business-as-usual (S2) scenarios, the mean yearly one-day peak flow increases by 4% or 7% 700 

for New Bullards Bar and 4% or 6% for Folsom Lake in the CNRM-CM5 and MIROC5 climates, 701 

respectively. Thus, uncertainty in the future climate is about 14 times or 20 times larger than 702 

the potential impact of forest thinning on annual peak flows into New Bullards Bar and Folsom 703 

Lake, respectively. 704 
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 705 

Figure 8. Flow duration curves for two major reservoirs in the project area, calculated using 706 

daily natural (unregulated) inflows simulated by DHSVM for the full 85-year period. Note the 707 

large difference in the high flow regime between climate models compared to the small 708 

difference in high flows between forest restoration scenarios. The probability of exceedance is 709 

logarithmically scaled to emphasize variations in the high flow regime. 710 

 3.7 Simulated Effects on Hydrological Processes During Major Storms 711 

 In scenarios with a thinner forest canopy, decreased interception and increased 712 

snowmelt may both contribute to increased runoff during major storms (Figure 9). As discussed 713 

in Section 2.3, we define the 10 highest-intensity storms immediately preceding yearly peak 714 

flow events in each of the four main watersheds for all three DHSVM models, thus identifying 715 

120 storm runoff simulations in each scenario for each climate projection. In scenarios with a 716 

thinner forest canopy, interception is generally decreased while snowpack outflow is generally 717 

increased during these storm runoff periods, although some combinations of watershed and 718 

hydrological model produce outlying results for certain storms. In our simulations, forest 719 

restoration has a larger effect on cumulative storm-total interception vapor loss compared to 720 

net storm-total interception storage, because the same storage capacity may be filled and 721 

evaporated repeatedly during multi-day storms. Snowpack outflow from DHSVM includes both 722 
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snowmelt and rain percolation, so some or all of the increased snowpack outflow in scenarios 723 

with a thinner canopy may be attributable to increased rain throughfall caused by reduced 724 

canopy interception. 725 

 726 

Figure 9. Forest restoration effect on storm-total interception storage, storm-total cumulative 727 

interception loss, and storm-total snowpack outflow during intense precipitation events prior to 728 

yearly peak flows, calculated as a landscape average for each of four major watersheds 729 

simulated by each of three DHSVM models. Results are shown for the full-restoration scenario 730 

(S6) relative to the business-as-usual (BAU, S2) scenario. 731 

 During storm events associated with yearly peak flows, the effect of a thinner forest 732 

canopy on the snowpack energy balance varies in space and time. In scenarios with a thinner 733 

forest canopy, the snowpack generally receives increased shortwave radiation, increased 734 

advected energy (from precipitation throughfall), and decreased longwave radiation (Figure 735 

10). However, as a result of differing positive or negative signs between the shortwave, 736 

longwave, and advected energy effects, the net snowpack energy budget in a thinner forest 737 

may increase or decrease depending on the specific circumstances of each storm. Simulated 738 

sensible and latent heat fluxes do not show a clear pattern of change. We note that the small 739 

magnitude of energy balance changes in Figure 10 (on the order of 1 W/m2) are area-averaged 740 

values for the entire TCSI area, while snow may exist only in limited areas during these storm 741 

events, especially in later decades. Thus, Figure 10 quantifies relative patterns of change but 742 

does not represent the absolute magnitude of changes to the snowpack energy balance. 743 
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 744 

Figure 10. Forest restoration effects on the landscape-average snowpack energy balance during 745 

intense precipitation events prior to yearly peak flow events in each of four major watersheds 746 

simulated by each of three DHSVM models relative to the business-as-usual scenario. 747 

 3.8 Uncertainty in Sub-Watershed Streamflow Responses 748 

 The uncertainty of the calibrated hydrological model ensemble is considerably smaller 749 

than both the average magnitude and spatial heterogeneity of the predicted streamflow 750 

generation effects. In Figure 5, which shows the additional streamflow generation attributable 751 

to forest restoration, analogous results from all three selected DHSVM models are interwoven 752 

using a checkerboard pattern, where every third square is representative of the value from a 753 

single calibrated model. The resolution of the checkerboard is selected for ease of visualization, 754 

and the actual grid size of DHSVM is much smaller (90 m). Greater uniformity in the 755 

checkerboard pattern indicates proportionally lower uncertainty in the hydrological model 756 

ensemble. Overall, the uncertainty between different DHSVM ensemble members is about an 757 

order of magnitude smaller than the size of the predicted effects attributable to forest 758 

management. 759 

 The peak flow response to forest thinning is more uncertain than the streamflow 760 

generation response, but both responses show significant patterns of spatial heterogeneity. In 761 

Figure 6, hydrological model uncertainty is visualized with triangles defined by the results from 762 

all three calibrated DHSVM models in each sub-watershed. Although the true response of a 763 

given sub-watershed could fall outside the bounds of its modeled range (enclosed triangle), the 764 

overall spread of the three ensemble members gives an estimate of model uncertainty. In the 765 

full restoration (S6) scenario relative to business-as-usual (S2), the sub-watershed streamflow 766 

generation response has an average model uncertainty range of 5.3 mm/yr among the three 767 
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DHSVM models and an average difference of 7.9 mm/yr between both climate models. The 768 

mean sub-watershed streamflow response to forest restoration (S6 vs. S2) is 44 mm/yr with a 769 

standard deviation among sub-watersheds of 32 mm/yr. Analogously, the S6 vs. S2 peak flow 770 

trend difference in each sub-watershed varies by 0.0075 mm/d/yr on average among DHSVM 771 

models and 0.0090 mm/d/yr on average between climates, with a mean across sub-watersheds 772 

of 0.0097 mm/d/yr and a standard deviation among sub-watersheds of 0.0083 mm/d/yr. For 773 

most sub-watersheds, the magnitude of the predicted streamflow generation response 774 

considerably outweighs both the uncertainty of the model (~12%) and the mediating effect of 775 

climate (~18%), but the peak flow response has much higher model uncertainty (~78%) and 776 

much greater dependence on climate mediation (~93%). Nevertheless, we observe that the 777 

largest sub-watershed peak flow responses are relatively well-constrained based on the 778 

individual confidence regions in Figure 6. The maximum response for any one sub-watershed 779 

averaged across models and climates is 140 mm/yr of additional streamflow generation or a 780 

0.037 mm/d/yr higher peak flow trend. Thus, locally strong sub-watershed responses are well-781 

resolved relative to the model uncertainty. 782 

 3.9 Uncertainty in Reservoir-Scale Water Yield 783 

 Despite uncertainty in the future climate, the absolute magnitude of additional water 784 

yield into reservoirs under different forest restoration scenarios is well-constrained. Here, we 785 

consider mean yearly runoff into each reservoir over the full 85-year simulation period in the 786 

full restoration scenario (S6) relative to the business-as-usual scenario (S2). For the New 787 

Bullards Bar watershed, DHSVM predicts an additional 99,800 acre-ft/yr (0.123 km3) of yearly 788 

runoff in the wetter CNRM-CM5 climate or an additional 90,700 acre-ft/yr (0.112 km3) of yearly 789 

runoff in the drier MIROC5 climate. For Folsom Lake, the additional inflow is 176,000 acre-ft/yr 790 

(0.217 km3) under CNRM-CM5 or 158,000 acre-ft/yr (0.195 km3) under MIROC5. The total mean 791 

annual runoff between wetter and drier climate projections varies by 46% for New Bullards Bar 792 

and 55% for Folsom Lake, but the volume of additional runoff attributable to forest restoration 793 

varies by only 10% or 12% between climates for the same reservoirs. Thus, the additional water 794 

yield from forest restoration is about five times less sensitive to uncertainty in future 795 

precipitation trends compared to the total future water yield (46% vs. 10% uncertainty for New 796 

Bullards Bar and 55% vs. 12% uncertainty for Folsom Lake). 797 

 The relative contribution of additional runoff from forest restoration as a percentage of 798 

the total yearly volume is dependent on future climate trends and interannual variability. 799 

Relative to the business-as-usual scenario, additional water yield from the full restoration 800 

scenario amounts to 7% or 9% of the mean annual inflow for New Bullards Bar and 4% or 6% for 801 

Folsom Lake in the wetter or drier climate projections, respectively. Considering only the 10 802 

driest years (by annual precipitation), the absolute additional runoff in the full restoration 803 

scenario relative to business-as-usual is 71,900 acre-ft/yr (0.0887 km3) or 52,300 acre-ft/yr 804 

(0.0645 km3) for New Bullards Bar and 113,000 acre-ft/yr (0.139 km3) or 78,400 acre-ft/yr 805 

(0.0967 km3) for Folsom Lake in the wetter and drier climate projections, respectively. This 806 

additional runoff amounts to 12% or 14% of the total annual inflow for New Bullards Bar and 807 

8% or 9% of the total annual inflow for Folsom Lake during the same 10 driest years, again in 808 
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the wetter or drier climates. While the absolute volume of additional water yield attributable to 809 

forest restoration decreases during dry climate conditions, the percent difference between 810 

business-as-usual and full restoration scenarios increases. Therefore, forest restoration would 811 

have the largest relative impact on reservoir-scale water yield during drought years, particularly 812 

in a drier climate. 813 

4 Discussion 814 

 4.1 Reservoir-Scale Drought Hedge 815 

 Our results suggest that increased water yields from landscape-scale forest restoration 816 

can provide a hedge against future droughts in the central Sierra Nevada region, on the order of 817 

8-14% increases in reservoir water yield during dry years. Compared to the annual water yield, 818 

streamflow gains from forest restoration are about five times less sensitive to uncertainty in the 819 

annual precipitation volume. This reduced sensitivity of streamflow gains follows from the 820 

partial decoupling of precipitation and forest ET in the relatively energy-limited study region, as 821 

previously shown by Saksa et al. (2017) for the same geographic area. This result is 822 

hydrologically intuitive because the impact of forest thinning is bounded by the maximum 823 

interception loss and transpiration rates supported by the initial forest. For example, trees have 824 

a minimum stomatal resistance beyond which additional soil moisture does not increase 825 

transpiration rates. Similarly, once interception storage becomes saturated during a storm, 826 

additional precipitation is less affected by canopy structure. From a management perspective, 827 

the environmental and economic value of additional streamflow generated from a thinner 828 

forest is likely to be contingent upon trends in future precipitation (see Guo et al. 2023 for a 829 

discussion of the marginal price of water in the study region). Even in a wetter future climate, 830 

certain years will likely still qualify as droughts, and the partial decoupling of additional runoff 831 

from precipitation could benefit the water supply in those dry years. Thus, the value 832 

proposition of forest restoration for water resources in the central Sierra Nevada region may 833 

best be understood as a hedge against a possible drier future climate and/or drought years in 834 

any future climate. 835 

 The magnitude of additional water yield from forest restoration as predicted by DHSVM 836 

is generally supported by prior findings in similar environments. In a small sub-basin of the 837 

American River watershed, included in our study area, Saksa et al. (2017) used a combination of 838 

process-based modeling and field data to estimate a 14% increase in streamflow generation 839 

after forest thinning. While a direct comparison is not possible due to differences in scale and 840 

treatment intensity, the empirical findings of Saksa et al. (2017) align with our model results in 841 

the same geographic region (Figure 5). Using statistical approaches based on relationships 842 

between measured ET and maps of the normalized difference vegetation index (NDVI) from 843 

remote sensing, Roche et al. (2020) estimated a 150-200 mm/yr potential streamflow gain from 844 

forest fires or thinning in the American and Yuba River watersheds. This streamflow gain is 845 

larger than predicted by our simulation for almost all sub-watersheds (Figure 7). While 846 

individual fires might cause extreme changes in the local water balance, our results indicate 847 

that it would be overly optimistic to expect such a large streamflow response from forest 848 
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restoration at the landscape or even sub-watershed scale. Similarly, Guo et al. (2023) estimate 849 

reductions in ET as high as 361-371 mm/yr for high-severity wildfire or 269-277 mm/yr for 850 

medium-severity wildfire for small forest treatment areas (15.6-23.1 km2) at the headwaters of 851 

the Yuba and American watersheds. Our results similarly suggest that these high ET reductions 852 

are unlikely to be realized from forest restoration at larger landscape scales, and we estimate a 853 

mean landscape ET reduction (overstory and understory transpiration plus interception loss) of 854 

only 41 mm/yr in the full restoration scenario. Nevertheless, extrapolation of empirical NDVI-855 

based methods can produce similar water yield results at the landscape scale, provided that 856 

enough recent fires have occurred in the region of interest to constrain variable vegetation 857 

responses to disturbance: in the American River watershed, Roche et al. (2018) estimate a 5% 858 

(all years) or 10% (dry years) increase in reservoir inflow under a restored disturbance regime, 859 

remarkably close to the increase of 4-6% (all years) and 8-9% (10 driest years) modeled for the 860 

same basin in this study. 861 

 4.2 Sub-Watershed Heterogeneity 862 

 The additional water yield from forest restoration could be maximized by targeting 863 

treatments to sub-watersheds with particularly dense forests and high average precipitation. 864 

Forest management planning could prioritize mechanical thinning and prescribed fire in sub-865 

watersheds with the greatest potential for increased streamflow generation (Figure 5). 866 

Additionally, a machine learning model such as Random Forest could potentially be trained on 867 

the process-based DHSVM results in a meta-model decision support framework (Mijic et al. 868 

2024), such as the tool implemented by Lewis et al. (2023) for the snowpack response to forest 869 

restoration in the same geographical region. Other studies have demonstrated the ranges of 870 

forest density and canopy gap size that can best promote snow accumulation (Piske et al., in 871 

press), but these fine scales are not explored in the present study. With knowledge of the 872 

potential tradeoff between increased streamflow generation and higher peak flow trends 873 

(Figure 7), it may be desirable to target forest restoration in sub-watersheds that balance the 874 

utility of additional water yield against the risk of damage to small-scale infrastructure from 875 

high flows. In the TCSI region, the elevation head and capacity of downstream hydroelectric 876 

plants further mediates the potential benefit of additional streamflow generation (Guo et al. 877 

2023). From a water resources perspective, the ideal areas for forest restoration could be dense 878 

forests that are situated above power-generating reservoirs, since these reservoirs can benefit 879 

from increased inflow and mediate increases in peak flows. 880 

 Although forest restoration may cause locally higher peak flows, any significant impacts 881 

are limited to headwaters and are unlikely to affect reservoir operations. DHSVM predicts peak 882 

flow increases on the order of 10-30% in certain sub-watersheds, but these are small 883 

headwaters catchments with relatively low absolute streamflow magnitudes, on the order of 884 

0.1 to 10 m3/s (SI Figure S20). Increases in small-scale peak flows could accentuate risks to 885 

hydraulic infrastructure such as road culverts, many of which are only engineered for 25-year 886 

peak flows and are now aging and vulnerable to washouts (Halofsky et al. 2021). Additionally, 887 

elevated surface runoff in headwaters regions could exacerbate erosion and sediment loading 888 

from historic hydraulic mining sites, which are prevalent in the study area (Gilbert 1917 and 889 
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Curtis et al. 2005). The effect of forest restoration on peak flows attenuates rapidly at larger 890 

scales, and reservoir operations are unlikely to be significantly impacted by landscape-scale 891 

forest restoration in the central Sierra Nevada region. One key uncertainty in our results is the 892 

lack of changes in the DHSVM soil and snow properties that could contribute to faster runoff or 893 

faster snowmelt, such as increased soil hydrophobicity (Certini 2005) or darkened snow albedo 894 

from pyrogenic carbon (e.g., Gleason et al. 2013). Because uncertain future precipitation trends 895 

almost exclusively control the high flow regime, flood management planning will likely become 896 

increasingly motivated by the potential for extreme precipitation and rapid snowmelt events 897 

(Harpold and Kohler 2017, Hou et al. 2019). For example, a project is currently planned to add a 898 

second spillway to the New Bullards Bar Reservoir to reduce flood risk associated with 899 

atmospheric river storms (Yuba Water Agency 2023). 900 

 4.3 Overstory-Understory Compensation 901 

 A process-based modeling approach is necessary to untangle the compensating 902 

responses of overstory and understory vegetation to forest restoration. Reduced canopy 903 

interception can lead to greater terrestrial water input (rain + snowmelt), and lower overstory 904 

transpiration can lead to higher soil moisture. Not all excess terrestrial water input necessarily 905 

becomes streamflow though, as noted empirically after widespread insect-driven forest 906 

mortality (e.g., Biederman et al. 2015). Wetter soil and reduced canopy shading can both 907 

contribute to increases in ET from remaining vegetation and soil evaporation (Boisramé et al. 908 

2019). Moreover, elevated soil moisture may encourage regrowth of both understory and 909 

trees, so continued treatment by mechanical thinning or fire is necessary to maintain a thinner 910 

forest state, as implemented in the scenarios tested here (Maxwell et al. 2022). 911 

 We observe a strong compensation between overstory and understory transpiration in 912 

addition to a weaker tradeoff between overstory and understory interception loss (Figure 6). 913 

Neglecting increases in understory ET during forest restoration would lead to about an 86% 914 

overestimation of the predicted streamflow response. About 73% of the streamflow response 915 

that we do predict is attributable to reductions in canopy interception loss. Understory 916 

interception has only a limited capacity for compensation due to lower height and the 917 

sheltering effect of remaining trees, both of which contribute to limitations on solar insolation 918 

and turbulent vapor transport. Additionally, DHSVM assumes that understory is buried when 919 

snow is present in a grid cell, so cold-season precipitation can only be intercepted by the 920 

overstory canopy. One limitation of our approach is that the understory maps in DHSVM are 921 

updated using a regression model coupled to the LANDIS-II outputs instead of by direct 922 

simulation of shrub and herb communities in LANDIS-II. Our results show the importance of 923 

improving simulations of multiple vegetation layers and understory regrowth to better 924 

constrain compensating ET effects following forest disturbance. 925 

 4.4 Uncertainty 926 

 A model ensemble derived from multi-objective Bayesian calibration enables the 927 

propagation of model parameter uncertainty into our analysis of hydrological responses to 928 

forest restoration. The structure of fully distributed, process-based models like DHSVM is well-929 
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suited for extrapolating hydrological interactions to spatially heterogeneous vegetation and 930 

climate conditions outside the range of historical observations. However, process-based 931 

hydrological models are typically deterministic and challenging to fully constrain with 932 

observational data, making uncertainty quantification difficult and threatening the integrity of 933 

predictions (e.g., Beven 1993). By applying a multi-objective Bayesian calibration and selecting 934 

an ensemble of Pareto-efficient parameter sets, we are able to estimate model uncertainty and 935 

propagate it into our final results (Figures 5 and 7). Despite considerable uncertainty remaining 936 

in landscape-scale subsurface parameters (e.g., soil depth and porosity), differences in 937 

ensemble model predictions at the sub-watershed scale are roughly an order of magnitude 938 

smaller than the size of streamflow generation effects attributable to forest restoration. 939 

 Not all forms of uncertainty can be explicitly represented in our model calibration, and 940 

we choose to focus on key processes and parameters identified as sensitive in previous DHSVM 941 

studies (e.g., Du et al. 2014). Although our conclusions are robust across two GCMs that are 942 

endmembers of fire weather (Maxwell et al. 2022), both GCMs are downscaled using the same 943 

MACA technique (Abatzoglou and Brown 2012), which may lead to underestimation of future 944 

climate uncertainty (Alder and Hostetler 2018). The MACA downscaling technique, which is 945 

based on historical analogues, also may not fully capture the dynamics of future atmospheric 946 

river storms (e.g., Gershunov et al. 2019, Huang et al. 2020). There is also the possibility of 947 

unforeseen “black swan” events like invasive insects or megafires that could drastically alter the 948 

trajectory of forest ecosystems outside the LANDIS-II simulation scope. Despite these modeling 949 

limitations, the consistency of our water balance results across multiple calibrated parameter 950 

sets and future climate projections should increase confidence in the potential water resource 951 

impacts of central Sierra Nevada forest restoration scenarios. 952 

5 Conclusions 953 

 Landscape-scale forest restoration shows promise as a hedge against future droughts. In 954 

the central Sierra Nevada mountains, distributed hydrological modeling predicts that full 955 

restoration of the historic disturbance return interval could produce 8-14% more inflow into 956 

major reservoirs during dry years. Increased streamflow can benefit aquatic and riparian 957 

ecosystems, hydropower operations, and municipal or agricultural water customers. In the 958 

context of recent Sierra Nevada multi-year droughts (e.g., 2013-2015 and 2020-2022), these 959 

benefits may help incentivize investment in central Sierra Nevada forest restoration. Despite 960 

considerable climate-driven uncertainty in the total future water supply (46-55%), the effect of 961 

forest restoration on water yield is relatively well-constrained. In the relatively energy-limited 962 

central Sierra Nevada hydroclimate, streamflow gains from forest restoration are partially 963 

decoupled from yearly precipitation. Combined with the higher value of water in dry years, this 964 

reduced climate sensitivity enhances the value of forest restoration as a potential drought 965 

hedge. In a thinner forest, reduced canopy interception and increased snowpack outflow during 966 

major storms can increase peak flows in headwaters catchments, but this risk is effectively 967 

limited to the scale of smaller road culverts rather than reservoirs. Densely forested sub-968 

watersheds immediately upstream of reservoirs appear most favorable for targeted forest 969 

restoration due to the tradeoff between increased water yield and higher peak flows. 970 
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 Our study demonstrates the value of linking process-based ecosystem and hydrological 971 

models to predict the water resource impacts of landscape-scale forest restoration. However, 972 

extrapolating our results across the western U.S., or even across the Sierra Nevada mountains, 973 

is challenging due to the mediating role of aridity, forest type, land cover history, and other 974 

factors. Applying similar methods across a wider range of regional climates and forest 975 

conditions may help constrain the sensitivity of our results and help prioritize forest restoration 976 

priorities. 977 
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