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Spatially resolved annual evapotranspiration was calculated across the 14 main river basins draining into California's Central Valley, USA, using a statistical model that combined satellite greenness, gridded precipitation, and flux-tower measurements. Annual evapotranspiration across the study area averaged 529 mm. Average basin-scale annual precipitation minus evapotranspiration was in good agreement with annual runoff, with deviations in wet and dry years suggesting withdrawal or recharge of subsurface water storage. Evapotranspiration peaked at lower elevations in the colder, northern basins, and at higher elevations in the southern high-Sierra basins, closely tracking the 12.3°C mean temperature isocline. Precipitation and evapotranspiration are closely balanced across much of the study region, and small shifts in either will cause disproportionate changes in water storage and runoff. The majority of runoff was generated below the rain-snow transition in northern basins, and originated in snow-dominated elevations in the southern basins. Climate warming that increases growing season length will increase evapotranspiration and reduce runoff across all elevations in the north, but only at higher elevations in the south. Feedback mechanisms in these steep mountain basins, plus over-year subsurface storage, with their steep precipitation and temperature gradients, provide important buffering of the water balance to change. Leave-one-out cross validation revealed that the statistical model for annual evapotranspiration is sensitive to the number and distribution of measurement sites, implying that additional strategically located flux towers would improve evapotranspiration predictions. Leave-one-out with individual years was less sensitive, implying that longer records are less important. This statistical top-down modeling of evapotranspiration provides an important complement to constraining water-balance measurements with gridded precipitation and unimpaired runoff, with applications such as quantifying water balance following forest die-off, management or wildfire.
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INTRODUCTION

Predicting responses of basin-scale water balances to variability and change is important for managing source-water areas, particularly in semi-arid mountain basins with a high ratio of evapotranspiration to precipitation. As mountain basins provide water to sustain ecosystems and human societies around the world, predicting the response of runoff to a warming climate and the associated changes in vegetation water use within the basin, as well as seasonal shifts in runoff patterns, are key to informing decisions that will affect our global sustainable future (Messerli et al., 2004). Four important feedback mechanisms affect the relation between precipitation and runoff in the Sierra Nevada, and many other mountain basins worldwide (Bales et al., 2018a). The annual water balance, given as Q = P – ET – ΔS, where Q is basin discharge (runoff), P is precipitation, ET is evapotranspiration, and ΔS is the change in subsurface storage within the basin, responds to interannual and longer changes in precipitation and temperature. The effect of changes in precipitation and temperature on water supply (Q) therefore reflects the difference between P and (ET + ΔS). For example, a drop in P directly reduces Q, but quantifying this non-linear impact is complicated by the additional effects of precipitation changes on ET and ΔS.

The first mechanism that affects the relation between P and Q is that evaporative processes have first access to local precipitation, which means that a greater fraction of P goes to ET during dry periods and a smaller fraction during wet periods (Bales et al., 2018a). This can be seen by a plot of P vs. Q for the 4800 km2 American River basin in the central Sierra Nevada, which closely parallels the 1:1 line (slope of 0.92) across a wide range of annual precipitation data (Figures 1, 2A). This plot also highlights a second mechanism, the role of subsurface water storage attenuating the effects of inter-annual P on ET (Klos et al., 2018). Where the difference between P and Q, commonly used to estimate ET, is relatively constant despite 5-fold differences in precipitation between the wettest and driest years (Figure 2B). This can also be seen in plots of annual P and ET vs. elevation for the Kings River basin in the southern Sierra Nevada (Figure 3). A third mechanism apparent in Figure 3 is that runoff from higher elevations helps sustain Q in dry years, such as 2012–15; and a fourth mechanism affecting the P-Q relation is the lower ET in 2016 resulting from drought-associated dieback and wildfire, decreasing vegetation water use (Bales et al., 2018a).


[image: Figure 1]
FIGURE 1. Study area showing locations of flux towers and land-cover classification, unimpaired streamflow gauges, and delineated river basins. The background shows the International Geosphere-Biosphere Programme land cover types.



[image: Figure 2]
FIGURE 2. Historical water-year (A) runoff and (B) precipitation minus discharge vs. annual precipitation for American River basin, 1901–2018. Runoff is full-natural flow, the calculated runoff that would occur in the absence of human influences (dams, diversions); data from California Department of Water Resources (http://cdec.water.ca.gov/), accessed Nov 27, 2020. Data are plotted by terciles for low, medium and high precipitation years. Basin-average precipitation summed from 800-m PRISM product (http://www.prism.oregonstate.edu), for area above runoff measurement point below Folsom Reservoir.
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FIGURE 3. Elevation profiles of annual (A) precipitation (P), (B) evapotranspiration (ET), and (C) P – ET by water year for the Kings River basin. Adapted from Bales et al. (2018b).


In order to assess the response patterns of evapotranspiration and runoff to variability and change, we need independent estimates of these three quantities (P, Q, ET). Eddy-covariance provides a direct measure of evapotranspiration at the local scale (0.01–1.0 km2), and has been cited as the most-accurate approach for measuring evapotranspiration (Rana and Katerji, 2000; Wilson and Baldocchi, 2000; Wang et al., 2015). Flux towers have been installed around the globe over the last 20 years to measure water, carbon and energy exchanges across various climates and land-cover types (Ryu et al., 2008). Multi-year, continuous time-series data are increasingly available, providing information on both average evapotranspiration and responses to meteorological variability. Upscaling can be by either data-driven or data-assimilation methods, with the former based on empirical, statistical models trained with flux observations and explanatory variables such as vegetation indices and climate (Glenn et al., 2010; Xiao et al., 2012).

Physically based methods for estimating ET are derived from surface-energy-budget equations such as Penman-Monteith (Mu et al., 2007, 2011) and Priestley-Taylor (Jin et al., 2011). While these methods provide a more mechanistic representation of evapotranspiration (Zheng et al., 2017), they require multiple accurate meteorological and biophysical inputs that have high spatial variability in mountain regions (Goulden et al., 2012; Wang et al., 2015; Lettenmaier, 2017). Current methods to estimate evapotranspiration across the landscape have been shown to produce considerable differences in evapotranspiration (Chen et al., 2014). This is due in part to the spatial and temporal variability of evapotranspiration, especially in Mediterranean-climate mountainous regions with distinct wet and dry seasons, high heterogeneity in topography and land cover, and sharp gradients in precipitation and temperature (Bales et al., 2006). Evapotranspiration is often estimated through model simulations, as the residual of extrapolated precipitation and runoff, or as its potential using an empirical relationship with temperature and validated with pan evaporation (Farahani et al., 2007; Ryu et al., 2008). While this has proven acceptable in some cases, it is subject to large errors owing to competing processes (Wilson et al., 2001; Wang et al., 2015). Physically based models may ultimately provide the best solution for quantifying evapotranspiration in heterogeneous terrain, but are currently bottlenecked by inadequate input data (Goulden and Bales, 2014).

Satellite-based observations are especially useful for extrapolating evapotranspiration to regional and global scales (Allen et al., 2007; Jung et al., 2010; Goulden et al., 2012; Chen et al., 2014). Many studies have revealed a strong correlation between annual evapotranspiration and vegetation indices such as NDVI (normalized difference vegetation index) and EVI (enhanced vegetation index) in semi-arid regions (Groeneveld et al., 2007; Goulden et al., 2012). However, vegetation indices may miss the variability of evapotranspiration during meteorological extremes and droughts, and in regions dominated by evergreen forests (Nagler et al., 2005). It has also been shown that current flux towers do not cover all combinations of climate and vegetation (Rungee et al., 2019). It is thus important to develop scaling strategies to extend measurements beyond the areas sampled.

California provides an opportune study area to use statistical scaling of evapotranspiration, owing to the presence of several multi-year flux-tower datasets sampling many of the major vegetation types in the state. In this study we focus on 14 mountainous river basins draining into California's Central Valley, building on prior success in closing the annual water balance in the Kings River basin in the southern Sierra Nevada (Bales et al., 2018a). Our primary objectives were to use the 14 study basins to: (1) assess how well-statistical scaling of measured evapotranspiration at an annual time step matches available data on precipitation minus runoff, (2) map areas across elevation, precipitation and temperature gradients where evapotranspiration closely matches average annual precipitation, vs. areas where precipitation exceeds evapotranspiration and thus runoff originates, and assess how feedbacks may buffer water-balance responses to change across the large temperature and precipitation gradients in the study area, and (3) assess where limitations in estimating the components of the water balance exist and how uncertainty can be reduced.



METHODS AND DATA

We used 111 measurements of annual evapotranspiration across 13 eddy-covariance flux towers (Table 1), plus remotely sensed NDVI from MODIS and Landsat and spatially distributed precipitation data, to scale annual evapotranspiration across the landscape, building on the method developed by Goulden et al. (2012) and expanded by Roche et al. (2020). The annual evapotranspiration product (ET) was subtracted from available gridded precipitation data (P), and the difference (P – ET) compared with published values of each basin's unimpaired runoff. Finally, gridded ET and P – ET values were binned by elevation and basin to assess the patterns with latitude, elevation, temperature and precipitation.


Table 1. Site characteristics.
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Study Area

This study focused on the main 14 headwater river basins draining into California's Central Valley (Figure 1). California is characterized by a Mediterranean climate, experiencing mild to cold wet winters and mild to hot dry summers. The majority of annual precipitation in this region occurs during a few large storms (Bales et al., 2006; Dettinger et al., 2011). On average, 61% of California's annual precipitation is allocated to evapotranspiration in source-water river basins (DWR (California Department of Water Resources), 2014), and annual evapotranspiration can exceed annual precipitation during dry years, sustained by drawing from multi-year subsurface storage (Rungee et al., 2019).

Study-area elevation ranged from 37 to 4412 m, and basin mean-annual precipitation and temperature ranged from 561 to 1631 mm and 6.7 to 13.4°C, respectively. Five vegetation types make up 92% of the study area: evergreen needle leaf forests (56%, percent of total area), mixed forest (2%), open shrublands (3%), woody savannas (14%) and grasslands (17%).



Precipitation Data

Daily precipitation data were obtained from PRISM (Parameter-elevation Regression on Independent Slopes Model), (Daly et al., 2008). Both the 800-m and 4-km products were evaluated for developing the statistical scaling model for gridded evapotranspiration (ET). The same precipitation data were also averaged across each basin (P) and used to estimate runoff as the residual of P and ET.



Gridded Evapotranspiration Data

We evaluated both MODIS and Landsat NDVI, mapped at 250-and 30-m resolution, respectively, in order to scale evapotranspiration data taken at 13 eddy-covariance flux towers in California (Supplementary Table 1; Supplementary Figure 1) across the study area.

Landsat NDVI values were calculated from the Tier 1 surface-reflectance product downloaded from Google Earth Engine (Gorelick et al., 2017). Values among Landsat 5, 7 and 8 were homogenized by cross-calibrating Landsat 7 (NDVI in 2012–2013) and Landsat 8 (NDVI in 2014–2016) into Landsat 5 (Sulla-Menashe et al., 2016; Su et al., 2017). Annual Landsat NDVI maps were generated by averaging all pixels in a water year. Pixels with shadow, snow, or cloud were excluded from the calculation (Zhu and Woodcock, 2012). MODIS NDVI was obtained from the MYD13Q1.006 Terra Vegetation Indices 16-Day NDVI 250-m product, providing a continuous time series of maps from 2000 to 2016 (Didan, 2015). Annual MODIS NDVI maps were generated by averaging all pixels in a water year. The 250-m 16-day pixel-reliability band was used to detect and remove poor pixels.

A 0.5 × 1.0-km rectangle was used for flux-tower footprints, where the x direction is perpendicular to the mean-annual wind direction. Flux-tower coordinates were centered in the x direction (0.25-km on either side), consistent with relevant literature (Amiro, 1998; DuBois et al., 2018). Each footprint is dominated by a single vegetation category, although winds from different directions may sample different vegetation densities. More-precise estimates of each flux-tower footprint would require information on canopy structure, the distribution of sources and sinks, and atmospheric conditions to resolve complex and heterogeneous flows (Kljun et al., 2015). Owing to heterogeneity in the prevailing wind direction, the footprints for flux towers in southern California (James Reserve, Grassland, Coastal Sage, Pinyon, Pinyon Burn, and Low Desert) were viewed as the coordinate point determined most representative by Goulden et al. (2012).

NDVI explained 74% of the variance, but showed greater variability in measured evapotranspiration (ETm) than in NDVI, especially for mixed-forest and woody-savanna sites (Supplementary Figure 2A). At some sites NDVI has a smaller response to wet vs. dry years, possibly reflecting large multi-year storage or a lagged response to stress (Supplementary Figure 1), (Bales et al., 2018a). Precipitation explained 68% of the variance in measured evapotranspiration, with more outliers observed during dry years, most notably in forest sites (Supplementary Figure 2B), when some evapotranspiration is drawn from storage (Rungee et al., 2019). A combination of MODIS NDVI with 800-m PRISM precipitation produced the lowest error (Supplementary Figure 3), expressed as:
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where ET is predicted evapotranspiration, NDVI is the normalized difference vegetation index based on MODIS, and PP is the mean of the current and previous years' precipitation based on the 800-m PRISM data (see Supplemental Material for details).

The model was used to estimate annual evapotranspiration, gridded across the 14 river basins, with whole-basin P-ET compared to unimpaired runoff. Trends by elevation and latitude were assessed by binning predicted ET, NDVI, P, T, and P – ET into 100-m elevation increments by basin. Finally, the difference of binned P – ET was multiplied by basin areas to calculate the elevational distribution of runoff origin.

Leave-one-out cross validation was used to assess the individual models' temporal and spatial sensitivities. Temporal sensitivities were assessed by removing an individual water year for model building and then evaluating on the water year removed. This was iterated over all water years on record. The number of site years of data removed varied between years, with only one active site in 2001, vs. eleven active sites in 2011. Spatial sensitivities were also assessed by removing an individual site for model building and then evaluating on the site removed. This was iterated over all sites, leading to 2 (US-CZ4) to 14 (US-Ton and US-Var) site years removed in a single iteration. Performance was assessed by comparing the root-mean-square and mean-absolute errors. Results show RMSE and MAE for the leave-one-year-out calculation to be near that for the model with all data, but higher for the leave-one-site-out option (Supplementary Figure 4).



Unimpaired Runoff

Calculations of unimpaired runoff, defined as the runoff from a basin considering no upstream damming, diversions or human alterations, were obtained from the California Data Exchange Center (CDEC) of the California Department of Water Resources (DWR), (accessed November 19, 2020). Values were taken for the United States Geological Survey (USGS) streamflow-gauge locations that best represented each of the 14 basins (Figure 1; Supplementary Table 1). All basins had water-year data for 1995–2016, except Shasta (1999–2016).



Elevation, Temperature and Snow Cover Data

The 30-m Shuttle Radar Topography Mission (SRTM, accessed January 16, 2018) digital-elevation data were downloaded from Google Earth Engine, and used to bin all data in 100-m elevation increments (Farr et al., 2007). The elevation labels refer to the lower limit of each bin (e.g., the 100-m label corresponds to 100–199 m). Temperature data were obtained from PRISM (see Precipitation Data). Snow-covered area was obtained from the snow reanalysis dataset developed from Landsat 5–8 data (Margulis et al., 2016). This dataset was used to determine the historical basin-mean rain-snow-transition elevation. January 1 to March 15 daily snow-covered-area maps were averaged by basin for each year and then over the 1985–2016 period. The averaged maps were then binned into 100-m elevation bands and linear interpolation was used between the two elevation bands above and below the 50% fractional-snow-covered area to estimate the altitudinal transition from rain to snow.




RESULTS


Water-Balance Patterns by Elevation and Latitude

Equation 1 was used to estimate evapotranspiration (ET) across the Sierra Nevada for 16 years (2001–2016), with the period average shown on Figure 4. Temperature decreases with both latitude and elevation. The apparent temperature gradient is greatest between latitudes 36.1 and 37.8°, corresponding with the greatest range in elevation. While precipitation (P) increases with elevation in the central and southern Sierra, the pattern is mixed in the northern basins with no consistent elevation gradient owing to rain-shadow effects. The greatest ranges of annual P are observed at higher latitudes, with values exceeding 1,500 mm at high elevations. The patterns of NDVI and ET are similar. The lowest values of NDVI occurred at high elevations, and values exceeding 0.80 were generally observed between 37.7 and 39.2° latitude, and between 500 and 1,300 m elevation. The greatest NDVI value was observed at 41.4° latitude and 1,000 m elevation.


[image: Figure 4]
FIGURE 4. Maps of 2001–16 average 800-m PRISM temperature and precipitation, MODIS NDVI, predicted evapotranspiration (ET) (Equation 1), and runoff calculated as the difference of precipitation and evapotranspiration by latitude and elevation. Different color contour lines are to improve clarity only. See Supplementary Figure 5 for patterns of P, ET, and P – ET in wet, dry and normal years.


ET was greatest in the mid to higher latitudes, peaking at mid to lower elevations, and somewhat lower at lower latitudes (Figure 4). Latitude 39.7° had the greatest ET (1,023 mm) at an elevation of 1,000 m. Only latitudes above 39.5° observed ET values >1,000 mm, with these values at elevation 500–1,200 m. The lowest values of ET were generally observed at or near the highest elevations at all latitudes. Average annual ET across the Sierra Nevada is 529 mm. Peak ET generally followed the 12.3 ± 2.2°C (mean ± standard deviation) isocline. Runoff (Q), calculated as P – ET, showed that runoff is more efficiently generated at higher elevations. Q over 2,200 mm was observed at latitude 40.4° at 3,100-m elevation. Q approached zero at some lower-elevation, lower-latitude areas.

Basin-scale runoff vs. P – ET follows a 1:1 line, with an average offset of about 52 mm (Figure 5). Basins show a general increase from south to north, with the exception of the Shasta and Feather, which have a partial rain shadow (40–42°N on Figure 4), and lower-elevation Cosumnes basin (see Supplementary Figure 5 for whole-basin annual values). Interannual variability is lower in the 4 most-northern basins vs. 4 most-southern basins, with respective coefficients of variation of P – ET of 0.5–0.6 and 0.8–1.1 or higher (data on Supplementary Figure 6).


[image: Figure 5]
FIGURE 5. Water-year runoff for each of the 14 river basins on Figure 1 estimated as P – ET, vs. unimpaired flow (Q), averaged over 2001–2016. ET in the Upper panel is estimated from f(NDVI, PP) model, and in the bottom panel ET is from f(NDVI) model. Error bars show interannual variability. Annual values of P and ET for each basin can be seen in Supplementary Figure 5, and P – ET vs. Q by basin are on Supplementary Figure 5. See Supplementary Figure 6 for a comparison with the other input data and models evaluated.




Basin Runoff Generation

P increases with elevation in most basins, with the Shasta and Feather basins showing a rain-shadow zone centered on 1,500 m elevation (Figure 6a). ET peaks near the rain-snow transition elevation in most basins, being water limited below and energy limited above. ET peaks at a lower elevation in the Shasta and Feather basins, reflecting the rain shadow. The ratio of annual P to ET is greatest at higher elevations for all basins (Figure 6a). Q depends on the area at each elevation (Figure 6b), with Q coming mainly from the snow zone in most basins. Exceptions are the low-elevation Cosumnes and Shasta basins, and to some extend the Feather (Figure 6c). The ratio of P to ET ranges from 0.9 to 5.7 across all basins and elevation bins. On average, 61% of Q originates below the basin-mean rain-snow transition in more-northern basins (Shasta, Feather, Yuba, American and Cosumnes), with 79% originating above the rain-snow transition in the remaining basins. Overall, 65% of Q in the study area was from above the rain-snow transition (Figure 6c). ET exceeded P during several of the study years at 1,000–1,800 m elevation in the Tule, and 1,200–1,500 m in the Kaweah (Figure 6a). The snowline, or rain-snow-transition elevation, generally increases in elevation from north to south, and occurs near an annual temperature of 10.8 ± 0.8°C (mean ± standard deviation).


[image: Figure 6]
FIGURE 6. (a) mean-annual precipitation (P), evapotranspiration (ET) and evapotranspiration from storage (ETs) by basin and per 100 m in elevation; (b) fraction basin area by elevation; (c) fraction of volumetric runoff by elevation. The snowline (SL) indicates the historical rain-snow transition.





DISCUSSION


Basin-Scale P-ET vs. Unimpaired Runoff

Our statistical approach for scaling evapotranspiration provides an independent assessment of water balance that can be compared to precipitation and unimpaired runoff. This provides an opportunity to carry out water-balance assessments at multiple scales. One important application for this analysis is estimating changes in evapotranspiration, and thus potential runoff following disturbance (Bales et al., 2018a; Roche et al., 2018; Ma et al., 2020) or forest thinning (Saksa et al., 2017; Roche et al., 2020). It should have further application for predictions in ungauged basins (Immerzeel and Droogers, 2008; Zhang et al., 2009).

Scaled evapotranspiration minus precipitation (P – ET) had an RMSE of 66 mm and MAE of 59 mm across all 224 basin years of data (Figure 5). While our estimated ET in the northern basins is less well-constrained by eddy-covariance measurements, it still provides an annual water-balance input that should have comparable uncertainty to P and to evapotranspiration estimated as precipitation minus reported values of unimpaired runoff. Basin-scale P – ET was about 358 mm per year, 11% lower than reported values of unimpaired runoff, for the six northern basins (Figure 5). This is within the uncertainty in streamflow measurements reported by Hayes et al. (1996) and Markham et al. (1996). The three most-northern basins have more volcanic bedrock and thus more subsurface flow than the more granitic basins further south, which may contribute to lower P – ET values. Uncertainty in both P and unimpaired runoff has also been reported (see discussion below). Binning the basin means into wet, dry, and normal years, based on the 35-year PRISM 800-m precipitation data, showed a negative bias in P – ET compared to unimpaired runoff of 52% during extreme dry years (lower 25th percentile), negative bias of 6% during the wet (upper 75th percentile), and 7% during normal years (between the 25th and 75th percentiles). Over the period studied, 28% were dry, 15% wet, and 57% normal years.

It is also possible that the difference between P – ET and unimpaired runoff reflects uncertainties in ET, especially at high elevations. A temperature component could be explored to help explain some of this uncertainty, as the relationship between temperature and evapotranspiration is generally positive (Goulden and Bales, 2014, 2019).



Where Does Basin Runoff Originate?

The values from Figure 6 show peak basin runoff (Q), estimated as P – ET, occurring 675 ± 250 m above peak ET in four of the more-northern basins (Feather, Yuba, American and Cosumnes) and 1,289 ± 558 m in the nine further-south basins (Mokelumne, Stanislaus, Tuolumne, Merced, San Joaquin, Kings, Kaweah, Tule and Kern). The ratio of potential runoff to precipitation (1-ET/P) was greater above the rain-snow transition than below for all basins. The ratio of potential runoff below the snowline was far greater in the northern (0.31) vs. southern (0.18) basins. This suggests that runoff generated in the southern basins is more sensitive to snowpack interannual variability. The importance of high-elevation P and P – ET can also be seen on the maps of wet, dry and normal years on Supplementary Figure 5. While the third mechanism, affecting P – ET, the resilience of runoff in basins with large areas in the snow zone, is currently strong, it will weaken with a higher snowline.

These two modes of runoff generation suggest that a warming climate will affect the water balance of southern vs. northern basins through different mechanisms. Increasing temperature is expected to increase evapotranspiration in energy-limited forests, even if vegetation density remains constant, leading to decreased runoff (Goulden and Bales, 2019). The northern basins are predominantly energy limited, as indicated by the overall temperature patterns on Figure 4, and have abundant water, making them susceptible to this effect. The northern set (Shasta, Feather, Yuba, American and Cosumnes) includes basins that have historically been critical for California's water supply. The southern basins are mostly water limited at lower elevations and energy limited at higher elevations, as indicated by the snowline on Figure 6. Warming at lower elevations in the southern basins is unlikely to decrease runoff, given that ET approaches P in much of this area (Figure 6), but rather increase stress and episodic dieback (fourth mechanism affecting precipitation minus evapotranspiration). Most of the runoff in the south is from sparsely vegetated higher elevations that are currently energy limited. Warming that reduces this energy limitation and allows upslope vegetation expansion has the potential to reduce runoff (Goulden and Bales, 2014). However, vegetation colonization at high elevation is poorly understood, and may lag warming (Kelly and Goulden, 2008; Salzer et al., 2009).

Answers to three critical questions bear on the response of this region's water balance to warming. First, to what extent has and will warming accelerate evapotranspiration in lower-elevation, northern forests? Second, to what extent has and will warming increase episodic stress in lower elevation, southern forests? Third, how rapidly and to what extent will warming drive vegetation expansion at higher, southern locations? The recent 2012–2015 warm-dry period triggered feedbacks that reduced precipitation minus evapotranspiration in homogeneous vegetation basins. Feedbacks involved either evaporative processes receiving first access to available water or the 1°C above-average temperature resulting in above-average evapotranspiration (Bales et al., 2018a). The warm drought increased this difference in the heterogeneous Sierra Nevada basins, where runoff is generated at high elevations, or from reductions in evapotranspiration due to drought-induced forest dieback and wildfires. This motivates a fifth feedback mechanism affecting precipitation minus evapotranspiration that we have previously observed, the increase in evapotranspiration with warmer temperatures (Goulden and Bales, 2019), illustrated by the parallel increases in temperature and vegetation greenness over a 30-year period across the southern Sierra Nevada (Su et al., 2017).

There is a need to restore mountain watersheds in California and across the western United States by thinning overstocked forests; this effort may prioritize areas with important co-benefits for reducing the risk of high-intensity wildfire, enhancing stream runoff, sequestering carbon, and other services (Saksa et al., 2017; Krofcheck et al., 2018; Liang et al., 2018). This creates a need for more-accurate information about how hydrologic fluxes and stores respond to climate variability and change, and to predict responses of evapotranspiration and runoff to watershed management (Roche et al., 2018).



How Can Uncertainty Be Reduced?
 
Spatial Evapotranspiration

The leave-one-out evaluations showed that at the scale of the current analysis the statistical modeling of evapotranspiration is more sensitive to a lack of spatial vs. temporal sampling. RMSE for leave-one-year-out was 90, vs. 105 for leave-one-site-out, compared to 87 for all sites and site years included (see Supplementary Figure 7 for further comparisons). This corroborates Papale et al. (2015), who used an artificial neural network to upscale eddy-covariance flux-tower observations of latent heat and gross primary production, concluding that uncertainty in temporal extrapolation is relatively small compared to spatial extrapolation. Papale et al. (2015) also found that sample size affected uncertainty by ±25% in latent heat and ±50% in gross primary production, with uncertainty being greatest where spatial variability was high. Flux towers in the California sample the main vegetation types (Figure 1), and in P-T space sample about 17% of the land area (Figure 7). The current network underrepresents evapotranspiration in cooler areas (mean-annual temperature ≳2.5°C), with both high and low precipitation, and in wetter areas (mean-precipitation ≲1,500 mm) and thus high ET. Additional flux towers that sample these unrepresented areas would reduce extrapolation from warmer, drier areas to cooler, wetter areas.


[image: Figure 7]
FIGURE 7. Flux tower representativeness of precipitation, temperature, and predicted evapotranspiration. Stars are flux towers within the boundary of the study area, and the circles are the remaining flux towers in California.


The slopes of the regression lines between P – ET and unimpaired runoff during wet and dry years were close to 1.0 (1.1 and 0.9, respectively), but offset about 54 mm higher for wet years and 96 mm lower for dry years (Supplementary Figure 7). The 54 mm offset above unimpaired runoff during wet years may be explained by a limited ability to constrain evapotranspiration at higher, energy-limited elevations where evapotranspiration will increase with precipitation. These areas in the Sierra Nevada are dominated by evergreen-needle leaf forests, which show a positive relationship between evapotranspiration and temperature (Goulden and Bales, 2019). The 96 mm offset below unimpaired runoff during dry years may be caused by an under measure of precipitation, an over measure of runoff, or evapotranspiration being supplemented by multi-year storage. PRISM and other gridded precipitation data show considerable differences in the high Sierra (Henn et al., 2018), in part reflecting a lack of representative data (Zhang et al., 2017). Lundquist et al. (2015) showed that some weather patterns are associated with a significant under measure of annual precipitation as snow in parts of the northern Sierra Nevada. Overall, the 51% uncertainty with P – ET during dry years represents 103 mm. It is important to note that evapotranspiration drawing on multi-year storage can account for some or all of this difference (Bales et al., 2018a; Klos et al., 2018; Rungee et al., 2019). Future research should consider strategies to improve data related to the water balance, including new precipitation measurements, assessment of the uncertainties in unimpaired runoff, and partitioning evapotranspiration source water into recent (current water year) and multi-year storage.

The slopes of P – ET vs. unimpaired runoff across years within individual basins ranged from 0.54 to 1.1 (Supplementary Figure 7). These slopes, and lower variability in P – ET compared to unimpaired runoff, may reflect basin-scale P – ET underestimates of unimpaired runoff during dry years when precipitation at some elevations is supplemented by multi-year subsurface water storage; and overestimates in wet years, when storage is replenished. The broader range of unimpaired runoff values compared to P – ET, after accounting for possible bias by adjusting the mean P-ET to match mean unimpaired runoff for each basin, may be interpreted as change in storage, where negative represents drawdown and positive represents recharge. Unimpaired runoff values also illustrate the bias in P – ET, with most P – ET values being < unimpaired runoff (Figure 5; Supplementary Figure 8).

MODIS NDVI outperformed Landsat NDVI in predictions of evapotranspiration, while differences in climate-data resolution had a negligible effect. MODIS provides daily scenes that are aggregated to 8-and 16-day cloud-free, atmospherically corrected composite images, whereas Landsat scenes are collected less frequently, leading to fewer cloud-free images. Snow and increased cloud cover during winter could lead to growing-season biased annual Landsat NDVI values. Future research is needed to assess the importance of seasonal biases in processing Landsat imagery in areas with snow cover. Further, Landsat NDVI has been found to be more sensitive to mountainous terrain, especially during months with low solar elevation, whereas MODIS NDVI was found to be notably insensitive (Sesnie et al., 2012). A 0.5-km2 footprint results in the inclusion of about 556 Landsat pixels vs. around eight for MODIS, making Landsat more sensitive to errors in footprint direction, shape and size.

The flux towers are mainly in water-limited vs. energy-limited locations, thus covering only part of the climatic range of the study area. The Sierra Nevada has been cited as especially under represented (Yang et al., 2008), although more flux towers have been added in the last decade.



Evapotranspiration Measurements

Regarding tower measurements, seven potential sources of uncertainty should be considered. Four sources of tower-based uncertainty previously evaluated for carbon dioxide (CO2) fluxes are applicable to evapotranspiration fluxes (Goulden et al., 2011): (i) measurement and aggregation accuracy, (ii) site-to-site and year-to-year precision, (iii) across-landscape sampling accuracy, and (iv) temporal sampling accuracy. Three sources of measurement and aggregation accuracy for CO2 fluxes have been identified (Goulden, 1996): (v) uniform systematic errors that are constant and independent of measurement conditions, (vi) selective systematic errors that result when the accuracy of the exchange measurement varies as a function of the physical environment, and (vii) sampling uncertainty that results when summing an incomplete data set to calculate long-term exchange. Three additional analyses should be considered when extrapolating tower-based ET to larger scales: (viii) statistical uncertainties in the model fit, i.e., not enough data points to know the true fit, (ix) weaknesses in the basic model, in that the independent variables will not give a perfect explanation of ET, and (x) extrapolation errors, i.e., estimating ET for climatic and/or vegetation conditions beyond the observations.

As issues related to the first two sources of uncertainty are also considered in v–vii, we focused on the latter three. As issues related to iii and iv are reduced by using remote-sensing data to spatially extrapolate, we put more emphasis on the last two sources (ix and x). For the middle block of tower-based uncertainties (v–vii), it is relevant to build on the findings from the analysis of CO2 fluxes by Goulden (1996). We addressed uniform systematic errors (v) by forcing closure of the energy balance following Twine et al. (2000), which enables improving upon uncertainties identified in CO2 flux estimates by Goulden (1996), which could be as much as 15–20%. The uncertainty in our ET fluxes, estimated to be up to 10%, is driven by uncertainty in the assumption that the Bowen Ratio is correct, uncertainty in soil and other heat-storage terms, and to a lesser extent net radiation. Selective systematic errors (vi), important for night time CO2 fluxes, should be relatively minor for ET, and are assumed to be up to 10%. Sampling uncertainty (vi) should be about 5%, similar to that estimated for CO2 (Goulden, 1996). Thus, the uncertainty of annual ET from an individual tower is about 20%. This uncertainty should be random from tower to tower, and to a lesser extent year to year, so the overall uncertainty should be less for the full dataset.



Precipitation

PRISM precipitation data have a reported monthly mean absolute error of 4.7 to 12.6 mm for the western U.S., leading to a potential annual error of ±98.2 mm (Daly et al., 2008). It has also been noted that across different gridded data sets, annual precipitation in the Sierra Nevada and other mountains of the western United States differ by up to 200 mm yr−1 (Henn et al., 2018). In addition, bias in point measurements used in the interpolation are biased, reflecting under catch due to wind, wetting loss, evaporation, and trace precipitation (Yang et al., 1999). Adjustments for errors in gauge measurements are done routinely, and in open, windy areas can be over 50% (Allerup et al., 2000; Bales et al., 2009; Ma et al., 2015; Mernild et al., 2015). In the Sierra Nevada, a comparison of PRISM precipitation with snow-water equivalent calculated from snow-pillow data has shown that PRISM precipitation can under measure some individual storms by 50% (Lundquist et al., 2015). However, in the Southern Sierra, Kirchner et al. (2014) found good agreement between LiDAR-measured snow accumulation and PRISM data above about 2,800 m. Nevertheless, it is likely that under catch leads to an underestimation of basin-scale evapotranspiration when estimated as the difference of PRISM precipitation and unimpaired runoff.

Overall, analyses suggest that PRISM data are less reliable in snow-dominated areas, and at sites with exceptionally low precipitation, where precipitation is extrapolated from distant meteorological stations. The total uncertainty in precipitation may thus be near or less than the reported west-wide potential annual interpolation error of ±98 mm for PRISM in rain-dominated areas with more data, and upwards of 50% or more in snow-dominated, open areas.



Unimpaired Runoff

Quantifying uncertainty in the unimpaired-runoff calculations remains a challenge. Updating instrumentation, data-processing and gap-filling techniques, and efforts to account for all diversions could improve this calculation. Further research is needed to quantify this uncertainty and assess benefits of better understanding the water balance of river basins. The Department of Water Resources (DWR) calculates unimpaired runoff by adding to measured streamflow the measured or estimated reservoir-storage change, reservoir evaporation, exports to other basins and diversions to irrigation, while subtracting imports from other basins and return flows from irrigation diversions to streamflow measurements downstream of the basins' major reservoirs (Qualley et al., 2000). Uncertainty results from: (i) unmeasured diversions, (ii) using historical monthly data for changes in storage, imports and exports where measured data are unavailable, (iii) estimates of open-water evaporation where measurements are unavailable, and (iv) correction adjustments made with constant values if measurements are unavailable. Discussions with DWR personnel revealed they have not estimated sources of uncertainty, and generally do not feel they are large. However, it is likely that uncertainty in annual unimpaired runoff is at least as much as the 10% bound reported for USGS measurements.

The USGS has reported estimates of stream-gauge accuracy for eight of the reservoir gauges relevant to this study, and reported that measurements from these gauges are generally within 10% of true, with one showing poor accuracy (uncertainty >15%) during extreme low-flow events (Hayes et al., 1996; Markham et al., 1996). Note that these are only for daily streamflow measurements and not estimates of annual unimpaired runoff.





CONCLUSION

Statistical scaling of evapotranspiration (ET) was, on average, in good agreement when compared with reported values of unimpaired runoff as precipitation (P) minus ET. Interannual variability provided further evidence of the availability of multi-year storage, where P – ET was generally <Q during dry years, suggesting a drawdown of storage, and greater in wet years, suggesting storage recharge. Improved estimates of the subsurface water storage flux can help forest managers link the relationship between drought, vegetation die-off and fire risk, and assess the effectiveness of treatments to mitigate these hazards.

We found that ET is greatest in northern basins peaking at mid elevation, and lower in magnitude but peaking at higher elevations further south. Runoff, estimated as P-ET, in northern basins was generated primarily below the rain-snow-transition, where P exceeded ET, and at higher elevations in the southern basins where evapotranspiration is energy limited. The runoff volume in northern basins under a warmer climate is particularly vulnerable to increased evaporative demand, whereas the steep temperature gradient with elevation in the southern basins may somewhat limit this effect.

The statistical scaling of evapotranspiration showed no significant sensitivity to resolution of gridded climatic data, and a slight sensitivity to the use of MODIS vs. Landsat NDVI. Precipitation remains a large uncertainty in closing the water balance across mountain basins and limits our ability to quantitatively assess the impact of forest die-off, disturbance and annual meteorology on runoff. The current placement of eddy-covariance flux towers showed that parts of the precipitation-temperature space are not sampled, leading to the greatest source of uncertainty in predicted evapotranspiration. Additionally, strategically placed instrumentation could improve the understanding and representation of this system.
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Site® Abbr. Lat Lon Elev,m AnnualP,mm AnnualET,mm Meantemp,°C IGBP"° Period/years of record

Blodgett forest US-Blo 3890 -12063 1315 1,385 892 135 ENF 1998-2007/10
Shorthair UsCz4 8707 -11899 2710 1017 389 48 ENF 2011, 2016/2
Providence UsCZ3 8707 -11920 2015 967 644 88 ENF 2009-2016/8
Soaproot saddle UsCz2 8703 -119.26 1,160 841 658 134 MF 2011-2016/6
James reserve UsSCf 3381 —11677 1,770 652 626 120 MF 2007-2014/8
Tonzi Ranch USTon 3843 -121.00 169 554 539 166 WSA 2002-2015/14
San Joaquin UsCz1  87.41 11973 406 510 378 164 WSA 2011-2016/6
experimental range

Vaira Ranch USVar 3841 -12095 129 591 340 166 GRA 2002-2015/14
Grassland Us'SCg 8874 —117.70 470 363 305 185 GRA 2007-2016/10
Coastal sage US'SCs 8378 -117.70 475 356 340 185 osH 2007-2016/10
Pinyon USSCw 3361 —11646 1,280 261 190 152 OsH 2007-2016/10
Pinyon burn Us'SCc 3361 —11645 1,300 258 152 15.1 OsH 2007-2016/10
Low desert Us-sCd 3365 -11637 275 142 131 220 OsH 2007-2012/6

“Related publications: US-Blo, (Goldstein et al,, 2000); US-Ton and US-Var, (Via et al 2007). IGBP refers to the International Geosphere-Biosphere Programme land-cover classification
system. ©The IGBP land-cover types are evergreen needle leaf forests (ENF), mixed forests (MF), woody savannas (WSA), grasslands (GRA), and shrublands (OSH).
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