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Methods
Approach

To assess the effect of progressive drought on California forests, high-fidelity imaging spectroscopy
(HiFIS) and Light Detection and Ranging (LiDAR) data were collected using the Carnegie Airborne
Observatory (CAO) Airborne Taxonomic Mapping System (AToMS), which is carried onboard a
Dornier 228 aircraft (1). The AToMS sensor package includes a dual-laser waveform LiDAR scanner
and a HiFIS that measures in the 380-2510 nm wavelength range.

The CAOQ is able to collect up to 6 ha per second of data during flight, far outpacing any ground-based
method for forest assessment. Even at this rate it is unrealistic to provide wall-to-wall coverage of
California’s ~13.4 million hectares of forest. Moreover, even complete coverage of the state would
provide only an instantaneous view in time of canopy water content (CWC). Instead, our approach
builds upon established methods for using non-continuous airborne data to train spatially contiguous,
satellite-derived data sets to generate statewide geographic models of forest CWC. The modeling
method is based on a high-resolution approach originally designed for forest carbon assessment (2),
which was developed through testing and analysis in a wide variety of countries and ecosystems (3-7).
This method combines readily available satellite and geographic information system datasets at fine
spatial resolution with airborne HiFIS and LiDAR data in a modeling framework to develop large-scale,
spatially contiguous maps. Here we modified the approach for mapping forest CWC.

Airborne Sampling

The mapping region covers the forests of the State of California. We used the CAO to massively sample
plant canopy structure and CWC throughout the portions of California containing woody vegetation.
Airborne data sampling was carried out using a grid of 25 x 25 km cells overlain on a vegetation
stratification map of California. For flight planning purposes, we used data from the CALVEG
geospatial database available from the US Forest Service (http://www.fs.usda.gov/). The RS CALVEG
classification system conforms to the National Vegetation Classification Standard. We selected the
Ecological Units subsection vegetation layer, containing 193 unique vegetation classes throughout
California (Fig. S1a). We also stratified the State using 250 m elevation bands from 0 to 1500 m and >
1500 m above sea level (Fig. S1b). The intersected CALVEG and elevation data represent a large range
of local community information. By systematically sampling across these stratified regions within each
grid cell, we ensure that we captured the community variation that exists along the forested areas of the
Coast, Sierra Nevada, Cascade, Klamath, and Transverse Ranges. The stratification map contained 1,337
unique vegetation classes within the forested areas of the State, totaling 13,410,879 ha (Fig. S1¢). While
this likely provided over-stratification of geographic variation in canopy structure and CWC at the State
level, we used this map to plan flights that ensure maximum sampling density in as many unique regions
as possible. We did not survey any grid cells with less than 10% of their area covered by forest.

A total of 1,787,133 ha of airborne data were collected throughout the State (Fig. S2a). Of this mapped
area, 847,516 ha were collected over forests, totaling 6.32% of the forested area of California. More
than half the forested area in State was sampled with a density of 5% or more (shown in green and white



tiles in Fig. S2b). Airborne data in the forested regions of northwestern California were sparsely (< 5%)
sampled due to extensive fires in August 2015, which restricted airspace due to fire fighting operations
and zero visibility flight conditions due to smoke (shown in red, orange and yellow tiles in Fig. S2b).

Light Detection and Ranging

Airborne data collection was performed at an altitude of 2000 m above ground level (a.g.l.), an average
flight speed of 150 knots, and a mapping swath of 1200 m. Operational settings for the LiIDAR were 34°
field of view, a pulse repetition frequency of 50 kHz per laser, and a beam divergence of 0.56 mrad (1/e)
per laser, resulting in 1-m horizontal resolution data when rasterized with at least four laser shots per m”.
Laser ranges from the LIDAR were combined with embedded Global Positioning System-Inertial
Measurement Unit (GPS-IMU) data and a smoothed best-estimate of trajectory (SBET) to determine the
3-D locations of laser returns, producing a ‘cloud’ of LIDAR data. These points were used to interpolate
a raster digital terrain model (DTM) for the ground surface of each landscape. This was achieved using
a 10 m x 10 m kernel passed over each flight block, with the lowest elevation estimate in each kernel
assumed to be ground. Subsequent points were evaluated by fitting a horizontal plane to each of the
ground seed points. If the closest unclassified point is < 5.5° and < 1.5 m higher in elevation, it was
classified as ground. The digital surface model (DSM) was created based on interpolations of all first-
return points. Measurement of the vertical difference between the DTM and DSM yields a digital
canopy model (DCM) of vegetation height above ground.

Imaging Spectroscopy

The CAO Visible-to-Shortwave Infrared (VSWIR) imaging spectrometer measures spectral radiance in
427 channels spanning the 380-2510 nm wavelength range in 5 nm increments with nominally 6-nm
spectral response function (full-width at half-maximum). Additional detector rows are used to monitor
the instrument dark signal levels.

The VSWIR has a 34° full field-of-view and an instantaneous field-of-view of 1 mrad per imaging
element. At 2000 m above ground level (a.g.l.), the VSWIR data collection provided 2-m ground
sampling distance, or pixel size, throughout each flight. The VSWIR data were radiometrically
corrected from raw DN values to radiance (mW c¢cm > nm™' sr'') using a flat-field correction, radiometric
calibration coefficients and spectral calibration data collected in the laboratory. Assessment of
measurements over known well characterized surface calibration targets show the VSWIR radiometric
calibration agrees within 4% of independent MODTRAN predictions of the incident upwelling radiance.

The standardized GPS pulse-per-second (PPS) measurement recorded within the VSWIR data was used
to precisely co-locate the spectral imagery to the LiIDAR data. A camera model, created in the laboratory
and refined for the flight installation, was used to determine the three-dimensional location and field-of-
view of each sensor element, which was combined with the standardized timing information for data co-
registration of the data sources. The geometry data from the data fusion were used to atmospherically
correct the radiance imagery using a modified version of the ACORN-5 model (Imspec LLC, Glendale,
CA USA). To improve aerosol corrections in ACORN-5, the model was iteratively run with different
visibilities until the reflectance at 420 nm (which is relatively constant for vegetated pixels) is less than



1% (8). Reflectance imagery was corrected for cross-track brightness gradients using a bidirectional
reflectance distribution function (BRDF) modeling approach (8).

One of the most reliable measurements from HiFIS is canopy water content (CWC). CWC is the total
amount of liquid water in the foliage of the canopy, and is strongly expressed in the 980 nm and 1160
nm absorption features of canopy spectral reflectance data (Fig. S3). The ACORN-5 software derives
surface reflectance using a MODTRAN look-up table and performs an iterative feature fitting to de-
correlate atmospheric water vapor and liquid water on the surface, deriving CWC. The CWC metric
represents the volume (liters) of water in the foliar canopy on a per-area basis often in units of L m™ (9-
13).

To ensure the comparability of CWC over the entire State of California, and among flight days, the
spectral data used to quantify CWC were filtered/masked using a data-fusion approach capitalizing on
the collection and inter-calibration of the boresight-aligned HiFIS and LiDAR observations (14). A tree
crown mask was derived from the LiDAR data using a ray tracing model that precisely identifies canopy
locations in unobstructed view of the VSWIR imaging spectrometer, and removes spectral pixels that
are fully or partially shaded by adjacent foliage, branches or crowns (15). The LiDAR data were also
used to mask out (ignore) any vegetation less than 2 m in height.

Statewide Mapping

A supervised machine-learning algorithm was used to scale up the aircraft-based CWC imagery to the
full State level. The spatially explicit datasets (Fig. S4a-0) used in this study were: (a) fractional cover
of photosynthetic vegetation (PV), non-photosynthetic vegetation (NPV) and bare substrate (%), (b)
elevation (m a.s.l.), (c-d) topographic slope and aspect (degrees), (e-h) four periods of solar insolation
(kWh m™), (i) distance to water bodies such as streams (m), (j and k) Landsat 8 surface reflectance in
the shortwave infrared regions (SWIR) from 1.57-1.65 and 2.11-2.29 wm, (1) road density (fraction of
road per unit area), relative elevation (m), (n) distance to roads (km), and (o) time since last fire (yr).
Map coordinates (UTM 10N) were also included as an input. These input datasets covered the entire
State of California, and were co-aligned and if necessary resampled to a 30 m pixel size for standardized

use in the modeling. A listing of these input statewide data sets and their sources is provided in Table
S1.

Each mapped variable provides unique information to the modeling process, and the use of machine-
learning algorithms allows us to find nonlinear correlations in high dimensions that may not be apparent
to the human eye. Map coordinate data explicitly integrate spatial coordinates into the model. Previous
studies have demonstrated that spatial context plays a major role in determining how well machine
learning methods scale from local sampling schema to full coverage (6, 16).

Landsat satellite data at 30 m resolution were used to calculate the fractional cover of surface
components of photosynthetic vegetation (PV), non-photosynthetic vegetation (NVP), and bare substrate
across the State of California. Landsat images at sensor-radiance from days between June 1-August 15
for the years 2011, 2013, 2014 and 2015 were utilized. Imagery from 2012 was excluded because of the
gap in contiguous coverage between Landsat 5 and Landsat 8. Selected radiance images were analyzed



using a cloud-ranking algorithm to determine the most cloud and cloud shade-free pixel within the
selected timeframe. Following this step, the filtered data were processed using the Carnegie Landsat
and Analysis System (CLASIite) (17) to calculate surface reflectance and fractional cover data. The
Landsat SWIR-1 and SWIR-2 (abbreviated from shortwave-infrared) channels measure in the 1.57-1.65
um and 2.11-2.29 um regions, respectively, by the Landsat 8 satellite (data years 2013-2015). The
wavelength designations are slightly different in the Landsat 5 satellite (1.55-1.75 and 2.08-2.35 um,
respectively) used for the 2011 data; however, these minor deviations in the longer wavelengths do not
influence the near infrared (NIR) regions where canopy water is active in the spectrum. The SWIR
reflectance bands were included because they are known to be sensitive to canopy chemical variations
related to water content (9, 10, 13). The fractional cover parameters on the other hand, particularly PV,
define canopy green foliar cover, which increases with water content (18-20). These five Landsat-based
measurements play a major role in capturing variation in vegetation water content as trained by airborne
CWC measurements.

The airborne CWC derived from the HiFIS data, and the LiDAR data, were aligned to the same grid as
the environmental and spectral predictor variables and averaged to 30 m resolution. CWC data were
masked prior to averaging using the LiDAR-derived height mask described above in order to only
analyze CWC data from fully-illuminated vegetation pixels for canopies taller than 2 m in height,
thereby eliminating the contribution of grass cover, short shrubs, and non-forest canopy vegetation.

A data set comprised of each of the features described above was used to train the model on the CWC
data that was collected by the CAO. This model was then applied to the entire feature space, which
covers the full extent of California forests, in order to predict CWC in locations where the CAO did not
collect data. Due to the large quantity of training data available, no imputation was performed on the
input data set; any sample with a missing data value was simply excluded. In order to assess the
accuracy of each model, an independent model with a random 90% of the training data was constructed
and evaluated by comparison to the remaining 10% of the training data. For final map production, the
model utilized all training data.

CWC Model

A deep learning model, also known as a multi-layer neural network, was used to model CWC across the
state. The functional unit of a deep learning model is the neuron, in which a nonlinear activation
function is applied to a linear combination of weights. By stacking multiple layers of neurons together,
complex nonlinear systems can be accurately modeled. This work uses a feed-forward 4-layer network
with a tanh activation function, implemented using the machine learning platform H20 with a Python
interface (21). Through experimentation with holdout sets, two 200 neuron hidden layers and 50 epochs
were selected for peak performance and computational efficiency.

Ten percent of the original aircraft CWC data were left out of the scaling step in order to validate the
2015 statewide CWC map. These validation data were selected randomly from aircraft coverage
acquired throughout the State, and were comprised of 1.2 million aircraft-based measurements.
Regression analyses showed an R* of 0.82 and root mean squared error (RMSE) of 0.45 L m™ of forest
canopy area (Fig. S5). Mean absolute deviation was 0.33 L m™. The deviation between the MAD and



RMSE is indicative of a relatively small number of outlier data points heavily contributing to model
error. These results indicate that the statewide map reproduces the spatial and ecological patterns of
canopy water content measured using the aircraft data.

We assessed the importance of environmental factors mediating the large-scale pattern in 2015 forest
canopy water content (Fig. S6), using the Gedeon method implemented in the H20 platform (21, 22).
Map coordinates accounted for a large proportion of the geographic variation in CWC. Elevation also
played an important 10% role in mediating forest CWC. Following those three background factors, a
suite of satellite vegetation measurements derived from the Landsat 8 Operational Land Imager (OLI)
were important indicators of forest CWC variability. These metrics include the fractional cover of green
leaf photosynthetic vegetation (PV), bare ground exposure, and shortwave-infrared reflectance, the latter
being sensitive to canopy water content (13, 23). This suite of satellite-based vegetation measurements
are critically important to scaling up the direct CWC observations from airborne imaging spectroscopy,
and to providing retrospective estimates of changes in CWC. Beyond these main factors determining
CWC variation, relative elevation - a metric often used as a surrogate for belowground water availability
- as well as time since last fire each accounted for about 6% of the variation in the 2015 CWC map.
Other indicators such as distance to and density of roads, and distance to nearest water body, each
explained about 3-5% of the mapped CWC variation. It is important to note that the feature influence on
any particular pixel varies, and consequently these feature contributions are a collective average
throughout the state.

Retrospective Analysis

The model trained on the 2015 airborne mapping flights was used to create a series of retrospective
maps for 2011, 2013 and 2014, each representing the same August time period sampled in 2015. The
retrospective maps were created by using the same input data types, however the Landsat-based
variables, as well was the number of years since the last fire, were modified to correspond to the data
from each year. Landsat data from all years was processed using CLASIlite with the same parameters as
described above. Once static maps of each year were created, these were used to produce change maps
by taking the percent difference between years on a pixel-by-pixel basis. Fig. 3 (main text) shows the
percent difference in CWC across the state for the years of 2011-2013, 2013-2014, and 2014-2015. Any
pixel containing missing data from Landsat images for a single year (usually due to cloud-cover) was
omitted from these maps. Areas reported as burned during each time interval by the U.S. Forest Service
(CALFIRE: http://cdfdata.fire.ca.gov/incidents/incidents_current) were also excluded.

A histogram breakdown of the percent difference data for each time period is shown in Fig. Sa (main
text). Calculated changes in water content within each time interval (pixels with at least 5% loss from
Fig. 3, main text) are shown in terms of hectares or maximum number of trees affected in Figs. 4a and b
(main text), respectively. Finally, the combined effect of water loss from each year, the progressive
water stress, is shown in Fig. 6 (main text), calculated as the sum of percent loss from each time

period. Any pixel designated as burned between 2011 and 2015 was excluded from the Fig. 6 (main
text).



Forest Mask

We used the USGS LANDFIRE vegetation types (http://landfire.cr.usgs.gov/viewer/) coupled with
LiDAR DTM and DSM data to create a mask of forest area in the State of California. Vegetation types
listed by LANDFIRE as Agriculture, Barren, Developed, Herbaceous, Grassland, Non-vegetated, Open
water, Quarries-Strip Mines-Gravel Pits, and Snow-Ice were excluded. Additionally, any pixels with
difference between the DTM and DSM of less than 2 m were excluded. In total, 13.4 million hectares of
California were considered as forested.

Tree Density Mapping

We mapped the density of trees across all forested regions of California using US Forest Service (USFS)
Forest Inventory and Analysis (FIA) data. The number of trees per hectare recorded in the FIA plots
ranged from 3-500 trees per hectare with a median value of 80 trees ha™ (Fig. S13). Using the
approximate locations of all FIA plots in the state measured in or after the year 2000, we computed
average tree density for 5,565 plots distributed throughout California. FIA plots are made up of four
individual subplots of either 24.0 or 58.9 ft, arranged in a triangular pattern (24). Because the plot
radius can vary, each tree in the database has an associated expansion factor giving the number of trees
per acre that the tree represents. We summed expansion factors for all trees with a diameter at breast
height (DBH) greater than 5” (12.7 cm) in each subplot, and then averaged the four subplot totals for
each FIA plot. Using the approximate locations for each plot shared by FIA (Fig. S14a), we
interpolated these point values using a circular moving average window of 7500 m diameter centered at
each point on a grid of 2000 x 2000 m. The resulting map was then smoothed using a square mean
kernel 16 km x 16 km across. Values were converted from trees per acre to trees per hectare, and all
non-forested area was masked out to produce a final tree density map matched to the other statewide
variables in our data (Fig. S14b).

The tree density map was then applied on a per-pixel basis to the data in Figs. 3 and 6 (main text) to
convert the number of acres at each loss interval to the maximum number of trees affected in each loss
interval. Because the change in CWC from Figs. 3 and 6 is an average over the pixel, the change in
CWC could either be concentrated in a small number of trees, or evenly distributed throughout the
pixel. Consequently the estimates of affected trees indicate the maximum number of impacted

trees. These affected tree estimates are shown in Fig. 5b (main text), as well as the inset graph in Fig. 6
(main text).

Evaluation of Progressive Water Stress (PWS) Map

We compared the modeled 30-m progressive water stress (PWS; Fig. 6; main text) from 2011 to 2015,
to fine-resolution (2-m) CWC measurements in 2015 from airborne laser-guided imaging spectroscopy.
Specifically, we overlaid the three large landscapes shown in Fig. 1 (main text) onto the PWS 2011-
2015 map, and we calculated the spatial coefficient of variation (CV) in 2-m CWC within the 30-m
PWS pixels. These three landscapes are typical of forests harboring relatively low, medium and high
canopy water content in 2015. In medium to high forest CWC environments (Fig. 1; main text),



increasing 30-m resolution PWS (0% to > 30%) from 2011 to 2015 was closely associated with
increasing spatial variation in CWC at 2-m resolution in 2015 (Table S3). This result is highly
indicative of water content losses at the tree level, or at even finer sub-canopy scales. In contrast, the
driest landscape in 2015 (Fig. 1; main text) was associated with nearly constant spatial variation in 2-m
CWC, suggesting that water losses had occurred early in our time series (2011-2013). These findings
show that progressive water stress is highly indicative of extensive crown-level canopy water loss,
which in the field, would be an indicator of reduced canopy leaf area and tree mortality.
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Table S1. Geospatial datasets used for statewide mapping of California.

Parameter

Description

Reference

Map Coordinates

Elevation (m a.s.l.)

Slope and Aspect
(degrees)
Relative Elevation; and
Distance to Water
Body (m)

Reflectance 1.57-1.65
and 2.11-2.29 pm

Vegetation Fractional
Cover (%)

Road Distance (km) and
Density (0-1)

Potential Solar
Insolation (KW h m?)

Time since Fire (yr)

UTM (Zone 10 North) Coordinates at
30-meter intervals
Elevation, meters above sea level

Slope and Aspect of terrain

Elevation relative and distance to the
water level in the nearest stream

Landsat-8 Reflectance for 1.57-1.65
pum region at 30 meters*

Photosynthetic Vegetation, Non-
photosynthetic Vegetation, Bare
Substrate

Distance from nearest road and
density of roads calculated as
fraction of road in a 1200 m* moving
window averaging 30x30m pixels.

Potential Solar Insolation (direct and
diffuse)

for March 21, June 21, September
21, and December 21

Number of years since a fire
occurrence

Calculated to cover the study area

NED: 1/3-Arc Second National Elevation
Dataset (NED), U.S. Department of Interior,
Geological Survey. Available:
http://nationalmap.gov/

Calculated from elevation

Calculated from Stream/River data from U.S.
Census Bureau Topologically Integrated
Geographic Encoding and Referencing
(TIGER) 2014; Available at:
ftp://ftp2.census.gov/geo/tiger/

Landsat-8 radiance data acquired through
Google Earth Engine, calibrated to
reflectance using CLASlite

Calculated using CLASlIite software; Asner
et al. 2009.

Calculated from road data from U.S. Census
Bureau Topologically

Integrated Geographic Encoding and
Referencing (TIGER) 2014; Available at:
ftp://ftp2.census.gov/geo/tiger/

Modeled based on elevation and using the
SAGA GIS Potential Insolation module
(SAGA-Python v0.37)

CALFIRE:
http://cdfdata.fire.ca.gov/incidents/

* for the year 2011, Landsat-5 radiance data were used with reflectance values of 1.55-1.75 and 2.08-2.35 mm. These minor deviations in

the longer wavelengths do not influence the near infrared (NIR) regions where canopy water is active in the spectrum.



Table S2. Woody vegetation types derived from the USFS LANDFIRE database
(http://landfire.cr.usgs.gov/viewer/) and arranged by decreasing progressive water stress (PWS, %).
Note that only woody canopies with a height of at least 2 m are included in the study. PWS data are
means and variance within each class. The total area affected is listed in thousands of hectares, and the
elevation (m) of the vegetation type (mean and 5™ and 95™ percentiles) is shown.

Forest Type PWS (%) Area Elevation (m)
Pacific Coastal Scrub 19.1£13.5 149.6 313 (59-672)
Lower Montane Blue Oak Forest 19.0+13.1 100.3 446 (117-1001)
Southern Dry Mesic Chaparral 17.2+13.3 162.4 646 (145-1204)
California Mesic Chaparral 17.0+14.3 426.9 515 (58-1301)
Conifer Oak Forest/Woodland 16.6£12.5 908.4 541 (158-1045)
Xeric Serpentine Chaparral 16.6+12.8 11.5 703 (91-1343)
Northern/Central Dry Mesic Chaparral 16.3+13.1 436.6 513 (75-1054)
Western Oak Woodland/Savanna 16.2+13.1 153.6 553 (127-1429)
Mediterranean Mesic Serpentine Chaparral 15.5+13.1 65.7 768 (229-1770)
Low Sagebrush Shrubland 14.5+14.2 56.6 2250 (1631-3503)
Semi-Desert Chaparral 13.7£12.6 55.6 878 (56-1876)
California Coastal Live Oak Woodland 13.4+11.3 16.5 328 (57-743)
Inter-Mountain Basins Montane Riparian Woodland 13.3+13.1 16.3 1634 (1006-2439)
Mountain Mahogany Woodland 13.3+13.4 47.1 2411 (1512-3060)
Central Valley Riparian Forest 13.3+11.8 16.5 115 (13-193)
California Mixed Evergreen Forest 12.9+11.6 463.9 632 (131-1526)
California Montane Chaparral 12.6+13.1 484.5 1417 (225-2536)
Mediterranean Subalpine Woodland 12.4+11.9 80.7 2988 (2363-3303)
Subalpine Lodgepole Pine Forest 12.4+10.1 82.3 2787 (2199-3072)
Pinyon Juniper Forest 12.4+12.5 176.7 2070 (1454-2663)
Big Sagebrush Shrubland 12.2+11.0 162.9 1604 (1305-2172)
Mediterranean California Mixed Oak Woodland 11.9+10.8 494.5 1101 (499-1808)
Lower Montane Conifer Oak Forest 11.8+10.1 108.3 592 (193-1031)
Western Oak Woodland 11.7£11.8 22.5 785 (350-1143)
Aspen Forest 11.4+11.3 34.0 2447 (1971-2852)
Mid Elevation Desert Shrubland 11.3+13.1 117.4 1521 (814-2362)
Western Montane Riparian Woodland 11.2+11.8 65.1 1358 (233-2440)
North Pacific Oak Woodland 11.0+10.1 72.0 565 (130-1039)
Mediterranean California Red Fir Forest 10.9+£9.9 780.9 2264 (1788-2762)
Northern California Mesic Subalpine Woodland 10.84£9.2 22.9 2205 (1726-2867)
Montane Riparian Systems 10.5+10.3 294.7 1035 (101-2480)
Conifer Oak Forest 10.1£9.5 37.0 708 (270-1038)
Lower Montane Conifer Forest 9.74£9.6 197.1 844 (322-1382)
Lower Montane Black Oak, Conifer Forest 9.6+8.4 10.5 654 (179-1224)
California Coastal Redwood Forest 9.0£9.1 710.7 294 (68-574)
Creosote Shrubland 8.9£11.7 215.5 710 (232-1152)
Montane Jeffrey Pine Woodland 8.0£9.7 607.4 1822 (1197-2468)
Dry Mesic Mixed Conifer Forest 7.9£8.7 1,234.3 1048 (556-1700)
Mixed Conifer, Western White Fir Forest 7.5+£8.4 1,731.8 1586 (1109-2130)
Western White Pine, White Fir Forest 7.4+7.6 17.0 2014 (1659-2348)
Mixed Evergreen Forest 6.7£7.9 728.1 605 (186-1089)
Juniper Woodland 5.9+6.5 37.9 1537 (1317-1784)
Upper Montane Serpentine Mixed Conifer Woodland 5.3+5.7 43.2 1220 (645-1561)
Ponderosa Pine Forest, Woodland 5.1£7.1 212.5 1481 (1132-1839)
Lower Montane Serpentine Mixed Conifer Woodland 4.2+4.9 22.0 898 (412-1294)




Table S3. Coefficient of variation (CV) of 2-m resolution canopy water content (CWC) as observed
using airborne laser-guided spectroscopy in 2015 at differing levels of progressive water stress (PWS)
mapped at 30-m resolution from 2011 to 2015.

CV of 2-m Airborne Canopy Water

Content (CWC) Data
Progressive Water Stress (30-m map) Low Medium High
> 0% 35.7% 41.7% 24.3%
>10% 35.8% 44.8% 27.4%
>20% 36.6% 55.2% 31.1%

>30% 37.4% 75.2% 32.8%
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Fig. S1. a) Pre-stratification of the airborne sampling region using information of California ecosystems
from CALVEG and b) Elevation from the USGS NED elevation data for the conterminous United

States. These data sets were intersected creating one map (¢) with 1,337 unique classes within the
forested areas of California.
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Fig. S2. a) Airborne Light Detection and Ranging (LiDAR) from the Carnegie Airborne Observatory
was used to sample the region as shown in black lines. Total LIDAR observation coverage for this study
was 1.8 million hectares. b) Percentage coverage of each 25 x 25 km sampling grid cell.
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Fig. S3. Spectroscopic remote sensing of vegetation canopy water content (CWC) is made possible by
the absorption of solar radiation based on the volume and mass concentration of water molecules in the

canopy. The fundamental measurement is the spectral radiance (red line; units of yW cm > nm™ sr’')

showing the location of the strong liquid absorption features centered on 980 and 1160 nm.

Atmospheric water vapor is also expressed in the radiance spectrum, centered at 940 and 1140 nm.
Following correction for illumination and the atmospheric the apparent surface reflectance is retrieved
with corresponding illumination and observation geometry (green line; units of % reflectance). The
depth of the liquid water features in the reflectance are measured with spectral fitting and are related to

total CWC.
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Fig. S4 a-d. Geospatial datasets used as inputs for statewide mapping. a) Fractional cover (%); green is
photosynthetic vegetation (PV), red is non-photosynthetic vegetation, blue is bare substrate; b)
elevation (m a.s.l.); ¢) slope (degrees) and d) aspect (degrees).
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Fig. S4 e-h. Geospatial datasets used as inputs for statewide mapping continued. Potential insolation for
e) March 21*; June 21%; g) September 21*; and h) December 21



Distance to
water body (m)

Landsat reflectance
1.57-1.65 um (%)

Density of roads
in30x30m

Landsat reflectance
2.11-2.29 um (%)

100 .1
X
Y
~
“ - ’: %y
A - l.-"" k o

0 100 200 400 600 800
Kilometers

Fig. S4 i-1. Geospatial datasets used as inputs for statewide mapping continued. i) distance to a water
body (i.e. stream, river, lake); j) Landsat-8 reflectance values (%) in the SWIR-1 region (1.57-1.65 um),
k) Landsat-8 reflectance values (%) in the SWIR-2 region (2.11-2.29 um); 1) Density of roads calculated
as fraction of road in a 1200 m* moving window averaging 30x30m pixels.
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Fig. S4 m-o. Geospatial datasets used as inputs for statewide mapping continued. m) relative elevation
(m) above the nearest stream, river or other water body; n) distance to road (km); and o) year since last
fire as reported in the CALFIRE current fire monitoring system, black indicates there was no fire
recorded since before the year 2000 when the database began tracking fires.
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Fig. S5. Comparison of mapped versus modeled canopy water content (CWC; L m™). Color bar
indicates the number of mapped pixels within a bin size of 0.03 L m™ on a linear scale ranging from
fewer (dark colors) to greater (light colors). Due to the large data volume, only bins with at least three
pixels are shown. Total number of map pixels shown is 1.2 million. R* is the correlation coefficient,
RMSE is root mean square error, and MAD is mean absolute deviation.
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Fig. S6. Relative importance of environmental factors as determined by the deep learning model
mediating the large-scale pattern in 2015 forest canopy water content.



Fig. S7. Forest canopy water content reported in liters per square meter (L m™) for northern California
as of August 2015. Black areas indicate fire extents reported between 2011 and 2015 by the U.S. Forest
Service. See Fig. 2 of the main text for the entire map of California.



Fig. S8. Forest canopy water content reported in liters per square meter (L m™) for central California as
of August 2015. Black areas indicate fire extents reported between 2011 and 2015 by the U.S. Forest
Service. See Fig. 2 of the main text for the entire map of California.
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Fig. S9. Forest canopy water content reported in liters per square meter (L m™) for southern California
as of August 2015. Black areas indicate fire extents reported between 2011 and 2015 by the U.S. Forest
Service. See Fig. 2 of the main text for the entire map of California.



Fig. S10. The geography of forest canopy water stress for the period 2011 to 2015, partitioned spatially
by onset period of observation, for northern California. Only water losses of at least 5% per observation
interval are displayed. Black areas indicate fire extents reported between 2011 and 2015 by the U.S.
Forest Service. See Fig. 4 of the main text for the entire map of California
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Fig. S11. The geography of forest canopy water stress for the period 2011 to 2015, partitioned spatially
by onset period of observation, for central California. Only water losses of at least 5% per observation
interval are displayed. Black areas indicate fire extents reported between 011 and 2015 by the U.S.
Forest Service. See Fig. 4 of the main text for the entire map of California.
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Fig. S12. The geography of forest canopy water stress for the period 2011 to 2015, partitioned spatially
by onset period of observation, for southern California. Only water losses of at least 5% per observation
interval are displayed. Black areas indicate fire extents reported between 2011 and 2015 by the U.S.
Forest Service. See Fig. 4 of the main text for the entire map of California.
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Fig. S13. Number of trees with diameter > 12.7 cm recorded in FIA vegetation survey plots.
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Fig. S14. Tree density [trees greater than 12.7 cm diameter] map and the location of plots used in the
calculation. a) Approximate location of FIA vegetation survey plots and b) modeled tree density.
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Fig. S15. Progressive forest canopy water stress for the years 2011 to 2015, computed as the sum of the
percentage losses per observation period, for northern California. Black areas indicate fire extents
reported between 2011 and 2015 by the U.S. Forest Service. See Fig. 6 of the main text for the entire
map of California.
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Fig. S16. Progressive forest canopy water stress for the years 2011 to 2015, computed as the sum of the
percentage losses per observation period, for central California. Black areas indicate fire extents
reported between 2011 and 2015 by the U.S. Forest Service. See Fig. 6 of the main text for the entire
map of California.
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Fig. S17. Progressive forest canopy water stress for the years 2011 to 2015, computed as the sum of the
percentage losses per observation period, for southern California. Black areas indicate fire extents
reported between 2011 and 2015 by the U.S. Forest Service. See Fig. 6 of the main text for the entire
map of California.



