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ARTICLE INFO ABSTRACT

Keywords: Vegetation in urban areas can provide many ecosystem services, such as cooler temperatures. In
Drought water-limited climates, maintaining benefits from vegetation during droughts requires significant
California

water inputs and can be challenging due to the uneven effects of drought on vegetation. Here, we
tracked changes in vegetation cover in Los Angeles, California using airborne hyperspectral im-
agery acquired annually from 2013 to 2018 and coinciding with the exceptional 2012-2016
California drought. Subpixel fractions for trees, turfgrass, non-photosynthetic vegetation (NPV; e.
g., senesced plant material), and non-vegetated urban surfaces were mapped at 18 m spatial
resolution using Multiple Endmember Spectral Mixture Analysis. We quantified cover changes
through time, comparing how different physiographic regions of the city experienced vegetation
change and assessing changes based on income and outdoor water use. From 2013 to 2018,
overall turfgrass cover decreased (—17%) and NPV cover increased (+22%). Tree cover was more
stable but decreased in 2018 (—6%). The inland valleys consistently lost more turfgrass than
coastal areas. Higher income and water use areas had larger absolute changes in vegetation cover,
likely due to their higher baseline of vegetation cover.
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1. Introduction

Globally, many urban regions are projected to continue warming and drying under the influence of climate change (Zhao et al.,
2021), resulting in many negative impacts for urban residents and the environment including heat stress, mortality, and increased
energy demand which can spur further greenhouse gas emissions (Fraser et al., 2017; Hulley et al., 2019). Vegetation cover is able to
ameliorate urban heat, and under future warmer temperatures and drier conditions its efficacy is projected to strengthen, with targeted
increases in urban vegetation cover likely to mitigate the impacts of climate warming (Demuzere et al., 2014; Norton et al., 2015; Zhao
et al., 2021). However, for cities in dry climates, this reduction in temperature often comes at the cost of large inputs of irrigation for
vegetation (McPherson et al., 2011; Wheeler et al., 2019). This challenge can be exacerbated by drought, broadly defined as “a
temporary reduction in water availability below normal quantities” (Lund et al., 2018), since drought can also diminish the effec-
tiveness of vegetative evaporative cooling as vegetation becomes stressed, senesces, or is replaced (Winguth and Kelp, 2013;
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McPherson et al., 2018; Pincetl et al., 2019; Allen et al., 2021). Constraining these longer-term impacts of drought on heat reduction
goals therefore requires quantifying vegetation cover changes, which will help better our understanding of planning requirements
given future climatic conditions.

Across an urban region, the effects of drought on residents can be felt differently at local and neighborhood scales, primarily due to
wide differences in the amount of vegetation cover and differences in drought responses among trees and turfgrass lawns. There are
many physiological and environmental factors that can influence the response of trees to drought, such as tree species, leaf area, and
the amount of surrounding impervious surface cover (May et al., 2013; Savi et al., 2015; Miller et al., 2020). At the same time, turfgrass
lawns can senesce even at irrigation rates that are recommended to meet plant water demand due to high temperatures and high
atmospheric demand for water during droughts (Chen et al., 2015; Quesnel et al., 2019). Extended, multiple-year droughts have the
potential to magnify and enhance these effects, with potential for significant changes to the land cover and local urban climate (May
et al., 2013; Pincetl et al., 2019).

During 2012-2016, California experienced one of the most severe droughts in the state’s modern history, and many cities
implemented urban water use restrictions to meet statewide reduction targets (Lund et al., 2018). Because these restrictions often
limited irrigation and other outdoor water use, urban vegetation likely experienced reductions in water availability during this time
period (Palazzo et al., 2017; Los Angeles Department of Water and Power, 2017; Pincetl et al., 2019). In semi-arid cities where planted
vegetation requires urban irrigation, including many cities in southern California such as Los Angeles, trees and turfgrass lawns are
especially likely to have distinct responses to long-term drought as irrigation restrictions are implemented (Bijoor et al., 2012; Mini
et al., 2014; Litvak et al., 2017; Quesnel et al., 2019; Reyes et al., 2020; Allen et al., 2021). Trees can be deeply rooted and in the
absence of irrigation may be able to obtain water from groundwater sources, even though many irrigated urban trees also have
shallower roots and partly rely on surface irrigation of lawns, especially at high amounts of tree cover (Bijoor et al., 2012; Marchionni
et al.,, 2021). Compared to turfgrass, trees are longer-lived, require years of investment and maintenance, and are not as readily
replaced, and therefore their irrigation may be prioritized even when irrigation is restricted (Roman et al., 2018). In contrast, turfgrass
lawns are more shallowly rooted and are likely to senesce rapidly under water limitation, but they also can be reinvigorated with
subsequent irrigation and can regrow more easily (Kaufmann, 1994).

The differences between drought responses in urban trees and grass can also be affected by variations in climatological and
physiographic conditions across an urban region, particularly in large cities with spatially extensive metropolitan areas (e.g., Allen
etal., 2021). For example, the city of Los Angeles, California, has a strong coastal-to-inland gradient in climate (Tayyebi and Jenerette,
2016; Crum et al., 2017). Coastal areas have a more moderate climate, with cooler and wetter conditions, than areas in the inland
valleys which are much warmer and drier, such as the San Fernando Valley to the north and the San Gabriel Valley to the east. Because
of these climatic differences, the cooling effects of trees are more pronounced in the hotter inland regions (McPherson et al., 2011).
There is also large topographic variability, with mountainous regions having lower urban development density than the flat areas in
the basin and valleys. This can also influence solar exposure and, depending on the aspect the slopes, the intensity of drought con-
ditions, which can be comparatively much more (south-facing) or less (north-facing) intense than other parts of the city with flatter
topography.

In addition to differences by vegetation type and local climates, it remains unclear how the effects of a multi-year drought may
differ based on the ability of residents to maintain existing vegetation cover in different areas of the city. In cities with dry climates, tree
cover and overall vegetation abundance is often greater in areas having higher household income and/or higher irrigation water use
(Schwarz et al., 2015; Palazzo et al., 2017). During an extended drought, higher income areas may be more buffered from vegetation
losses due to their residents’ ability to pay for irrigation water (Kaplan et al., 2014), and these areas are less likely to meet water
conservation targets (Palazzo et al., 2017). Alternatively, these areas could experience greater absolute losses of vegetation as they
generally have larger amounts of vegetated land that could be affected by drought in the first place (Schwarz et al., 2015). Lower
income and lower water use areas may suffer smaller absolute losses of vegetation cover during drought because they have
comparatively little vegetation to lose (Wolch et al., 2014; Tayyebi and Jenerette, 2016). Because of the high costs of landscape
irrigation, the existing vegetation in lower income areas may be better acclimated to dry conditions experienced each year during the
Mediterranean climate summertime drought, although people living in lower income areas are not necessarily more likely to plant
more drought-tolerant tree species (Avolio et al., 2015). Nonetheless, an exceptional, long-term drought could push even nominally
drought-tolerant vegetation beyond its normal limits (e.g., Miller et al., 2020), and more vegetation could be lost because people living
in lower income areas would be less able to pay for additional outdoor water use (Palazzo et al., 2017).

The substantial spatial variation in drought responses given the heterogeneity of urban vegetation density and type (e.g., trees and
turfgrass), metropolitan-scale climatic variability, and management practices can be quantified and mapped using remote sensing
imagery. Although fine-scale urban spatial and spectral diversity can make it a challenge to distinguish among different urban land
cover types (Herold et al., 2004; Cadenasso et al., 2007), a variety of data sources and methodological strategies have been developed
in recent years to map urban tree cover or green vegetation cover. For tree cover mapping, many studies have used a combination of
high spatial resolution imagery (e.g., Moskal et al., 2011; O’Neil-Dunne et al., 2014; Erker et al., 2019) and/or airborne LiDAR (e.g.,
Alonzo et al., 2014; Liu et al., 2017; Degerickx et al., 2020). Such studies tend to be limited to a single date and at relatively small
spatial extent due to the expense of image acquisition and processing, making such data not suitable for studying drought impacts
across a large metropolitan area. For larger spatial extents and longer time series, total green vegetation cover studies across larger
areas often rely on broadband satellite imagery at coarser spatial resolutions (e.g., Richards et al., 2017; Czekajlo et al., 2020). These
can provide estimates of the total green cover for many more dates due to regular satellite acquisitions, but they cannot often easily
distinguish between different vegetation types unless other characteristics are included in the analysis (e.g., temporal patterns using
phenology; Schug et al., 2020).
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Hyperspectral sensors with hundreds of narrow spectral bands (i.e., imaging spectrometers) have been shown to more readily
separate urban surfaces and vegetation types compared to broadband imagery (Herold et al., 2004; van der Linden et al., 2018). When
applied to hyperspectral imagery, spectral unmixing techniques such as Multiple Endmember Spectral Mixture Analysis (MESMA;
Roberts et al., 1998) have been used to successfully distinguish subpixel fractions of urban surfaces, including separating tree and
turfgrass cover (e.g., Herold et al., 2004; Franke et al., 2009; Wetherley et al., 2017; Wetherley et al., 2018). Hyperspectral imagery can
also capture the spectral detail necessary to distinguish non-photosynthetic vegetation (NPV; e.g., senesced grass, plant litter) from soil
and other non-vegetated surfaces, which is often infeasible using broadband imagery (Wetherley et al., 2017). This distinction is
important because while dieback from green vegetation to NPV is indicative of drought effects (Dennison et al., 2019), it is also ev-
idence of the persistence of vegetation cover through a drought as opposed to conversion to another type of non-vegetated urban
surface (e.g., Pincetl et al., 2019).

The application of hyperspectral imagery for extensive urban studies through time has been limited, mainly because such imagery
has rarely been available in urban areas over large areas and typically only for a single date. However, the NASA HyspIRI Preparatory
Campaign (Lee et al., 2015) acquired repeat flights across many regions in California using the Airborne Visible Infrared Imaging
Spectrometer (AVIRIS; Green et al., 1998) as a test-case for a future spaceborne hyperspectral sensor, the now-planned Surface Biology
and Geology mission (SBG; Cawse-Nicholson et al., 2021). In the Los Angeles area, HyspIRI Preparatory Campaign imagery were
acquired at several dates throughout the year from 2013 to 2015 and then at a single date each year from 2016 to 2018. This provides
an unprecedented opportunity to track an annual drought time series in an urban area using hyperspectral imagery, and this type of
analysis may become more common when imagery from future spaceborne hyperspectral monitoring instruments becomes available in
the next few years.

Quantifying the drought-induced changes in urban vegetation cover will be critical for urban planning for heat mitigation and
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Fig. 1. Map of fractional cover on 22 May 2013 within the Los Angeles urban study area. Background is grayscale National Agricultural Inventory
Program (NAIP) aerial photo mosaic and Los Angeles County outline is in light orange. Example inset on lower left (near Culver City) shows detail of
18 m imagery. Missing areas are primarily due to masked clouds, removed undeveloped and agricultural areas, and other image artifacts (e.g.,
diagonal section in northern part of study area).
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adaptation as the likelihood of extreme droughts is projected to increase with climate change (Norton et al., 2015; Williams et al.,
2015; Zhao et al., 2021). Separately tracking trees, turfgrass, and NPV is especially needed for monitoring vegetation response during
drought, because while some areas may experience temporary changes from green vegetation cover to NPV and have the potential to
green-up once water is available, other areas may experience replacement of green vegetation with impervious surfaces and/or
xeriscaping (Pincetl et al., 2019). These differences can have profound effects on energy budgets and water use, and they can modify
the aesthetic characteristics and amenities of the urban environment in ways that would likely continue long after the end of the
drought (Liang et al., 2017; Pincetl et al., 2019; Wetherley et al., 2021).

Here, we track changes in different types of vegetation cover across the Los Angeles metropolitan area during a multi-year drought.
Specifically, we used late spring / early summer hyperspectral remote sensing imagery at 18 m spatial resolution as drought conditions
progressed from 2013 to 2018 (US Drought Monitor, 2020). Subpixel fractions of tree, turfgrass, NPV, and non-vegetated surfaces (e.g.,
pavement, roofs, and soils) were calculated using MESMA. We focused our analysis on the following research questions:

1. In response to a historic multi-year drought, how did urban tree, turfgrass, and NPV cover in Los Angeles change year-to-year
during 2013 to 2018?

2. In which climatological and physiographic regions of the city were vegetation changes most pronounced?

3. Using household income and outdoor water use as proxies, how did changes in vegetation cover types vary based on ability of
residents to maintain their vegetation cover?

2. Methods
2.1. Los Angeles study area

Our study area was the Los Angeles metropolitan area (hereafter referred to as “Los Angeles”) in southern California, USA,
including the city of Los Angeles and surrounding cities in Los Angeles County (2490 km?; 34.05° N, 118.25° W; Fig. 1). Study area
boundaries were based on urbanized area extent from the US Census Bureau (2010), manually edited to remove undeveloped and
agricultural regions along the margins (Wetherley et al., 2018), and then limited to the boundaries of Los Angeles County. Los Angeles
County has a population of 10 million (US Census Bureau, 2020) and the Los Angeles metropolitan area is characterized by expansive
low-rise suburban development (Davis, 2006). It has a Mediterranean climate with wet winters and dry summers (Los Angeles
downtown mean annual precipitation = 37.9 cm, mean annual air temperature = 18.6 °C; (National Centers for Environmental In-
formation, 2020). A strong coastal climate gradient spans the area, generating comparatively cooler and wetter conditions near the
Pacific Ocean and warmer and drier areas in the inland valleys.

As opposed to cities in wetter climates, increases in urban tree cover in the Los Angeles region are a direct result of the city’s
development (Gillespie et al., 2012). Because of its climate, the Los Angeles region did not have extensive tree cover prior to ur-
banization (except for agricultural orchards), instead being dominated by coastal sage scrub and chaparral with comparatively few
trees along riparian corridors (Pincetl et al., 2013b). In general, the city of Los Angeles has increased in tree canopy cover and stem
density as urban development increased over the 20th century, although with wide variability in different parts of the city (Gillespie
etal., 2012) and under the influence of different tree planting programs (Pincetl et al., 2013a). The combination of a mild climate and
extensive irrigation allows for a highly diverse number of tree species in the urban forest, with over 200 species estimated throughout
the city (Clarke et al., 2013). Different areas of the metropolitan region also may show differences in urban forest diversity because of
changes in the tree species that were available to buy from nurseries at the time period when each area was developed, with relatively
few native trees in the overall urban forest species palette (Pincetl et al., 2013b; Avolio et al., 2015).

The Los Angeles metropolitan area experienced severe drought from 2012 to 2019, with nearly the entire urbanized region
experiencing exceptional drought conditions from mid-2014 to the beginning of 2017 (Table 1, US Drought Monitor, 2020). The first
year in our time series during which HyspIRI Preparatory Campaign flights were available (2013) was already during the drought.
Drought persisted across nearly all dates of image acquisition (2013-2018) based on drought indices derived from precipitation and

Table 1

AVIRIS image dates and related drought information. Drought Severity and Coverage Index (DSCI; no drought = 0, maximum drought = 500) values
are from the US Census Bureau (2010) for the Los Angeles-Long Beach-Anaheim, CA urban area from nearest available dates. The Palmer Drought
Severity Index (PDSI), 6-month estimates of the Standardized Precipitation Evapotranspiration Index (SPEI), and 6-month precipitation totals (ending
in the month of each image date) are from the US Historical Climate Network Station in Pasadena, California (Abatzoglou et al., 2017). Both PDSI and
SPEI values are normalized such that positive values are associated with wetter conditions and negative values are associated with drier conditions.
The column “Precip. (% of average)” refers to the amount of rainfall during the previous 6 months (“Precip. (cm)”) compared to long-term climatology
(1981-2010) for the study area.

AVIRIS image date DSCI PDSI SPEI Precip. (cm) Precip. (% of average)
22 May 2013 200 —4.68 -1.43 19.5 42.3

13 June 2014 400 —6.56 —1.49 15.3 38.6

28 May 2015 496 —3.95 —0.46 35.8 77.8

16 June 2016 496 —2.85 —0.73 26.1 65.6

28 June 2017 129 -2.18 0.19 40.0 100.6

25 June 2018 300 —4.87 —0.88 20.7 52.0
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evapotranspiration (Abatzoglou et al., 2017; US Drought Monitor, 2020), including the Palmer Drought Severity Index (PDSI; Palmer,
1965) and the 6-month Standardized Precipitation-Evapotranspiration Index (SPEIL; Vicente-Serrano et al., 2010). Although urban
vegetation likely responded to seasonal variations in drought severity (e.g., in nearby Santa Barbara, California; Miller et al., 2022), at
the annual scale, the years of 2013-2016 were successive years of continuous drought. 2014 was the most severe single drought year.
2017 had nearly average rainfall, and 2018 saw a return to moderate drought conditions (Table 1). In response to dry conditions, the
City of Los Angeles implemented a variety of water conservation measures, largely focused on outdoor water use because that was
found to be the area with the most reduction potential, including: higher rebate rates for turfgrass lawn replacement, a new water rate-
tiering structure, “Unreasonable Water Use” restrictions and fines for very high water users, and greater investment in education and
outreach campaigns (Los Angeles Department of Water and Power, 2017).

2.2. Hyperspectral remote sensing time series

To track multi-year vegetation canopy changes, we used a repeat time series of hyperspectral imagery from the Airborne Visible
Infrared Imaging Spectrometer (AVIRIS), which measures 224 narrow bands of spectral radiance from approximately 360 to 2500 nm
at 10 nm full-width half-maximum (Green et al., 1998). We selected seven adjacent flightlines collected as part of the Southern
California Box of the HyspIRI Preparatory Campaign (Lee et al., 2015) flown on an ER-2 aircraft at 20 km altitude in May/June of
2013-2018 (Table 1). Available data for all years of the time series were limited to early summer acquisitions; however, this provided
good phenological timing, with deciduous trees having leafed out and drought-affected vegetation senescing due to lack of irrigation,
particularly if winter and spring precipitation was poor (Avolio et al., 2015; Litvak et al., 2017; Miller et al., 2022). The flightlines were
atmospherically corrected to Level 2 surface reflectance products produced by NASA Jet Propulsion Laboratory (JPL; Thompson et al.,
2015). Each flightline was spatially coregistered to an 18 m grid using nearest neighbor resampling with Delaunay triangulation; up to
40 ground control points per line (supplemental material, Table S1) were developed using pixel-aggregated National Agricultural
Inventory Program color-infrared orthophotos (NAD 83, UTM Zone 11 N) as a base image.

Although all images were produced to satisfactory surface reflectance by JPL, images from different years were generated using
slightly different atmospheric correction processes. To improve internal consistency in surface reflectance retrievals, we calibrated
each set of atmospherically corrected imagery to the AVIRIS imagery from 28 August 2014 used in Wetherley et al. (2018). Following
Wetherley et al. (2018), we normalized each flightline using in-scene temporally invariant targets (i.e., a large parking lot and a bare
soil field) to develop band-by-band calibration coefficients (supplemental material, Figs. S1-S4). Clouds and cloud shadows were
masked manually from all dates. While inspecting the data, the brightness of the northern edge of one flightline (FL06) was observed to
be inconsistent with all other flightlines, and this part of the flightline was removed from analysis. Imagery within each date of
acquisition was mosaicked, and all remaining bands with apparent atmospheric artifacts removed, leaving 168 bands for analysis.

2.3. Generating subpixel land cover fractions using MESMA

We produced maps of subpixel fractional cover following Wetherley et al. (2018), using Multiple Endmember Spectral Mixture
Analysis (MESMA; Roberts et al., 1998) in Viper Tools 2.1 (Roberts et al., 2019). Briefly, MESMA uses a library of known spectral
endmembers (e.g., trees, turfgrass, constructed materials) to estimate the fractional cover within each measured pixel spectrum. It
models each measured pixel spectrum as a linear combination of spectral endmembers, selecting the best model based on the smallest
RMSE, and can vary the number and specific endmembers used for each pixel (Roberts et al., 1998). In this study, the fractional cover
estimates were derived from a spectral library developed by Wetherley et al. (2018) from AVIRIS imagery acquired in August 2014 in
the Los Angeles area. Image endmembers included trees, turfgrass, NPV, soil, paved surfaces, and commercial roofs. We modeled non-
vegetated surfaces separately (i.e., soil, paved surfaces, and commercial roofs) instead of as a single class because it increased the
number of successfully modeled pixels. We refer to Wetherley et al. (2018) for details regarding spectral library endmember selection
and curation to a final set of 57 endmembers: 8 tree, 6 turfgrass, 9 pavements, 22 commercial roofs, 7 NPV, and 5 soils. Wetherley et al.
(2018) validated fractions derived from this spectral library for their August 2014 imagery, and linear regressions with reference
estimates had slopes from 0.77 to 0.90, depending on the cover type. We estimated subpixel fractions as 1, 2, or 3 endmember models
plus shade (for spectral brightness normalization) using physically realistic fraction limits (0.00 to 1.00), a maximum shade end-
member fraction of 0.20, and RMSE <2.5%, with a more complicated model only being selected if RMSE was improved by >0.7%. All
fraction estimates were shade normalized so that the sum of all subpixel fractions was 1 (Dennison and Roberts, 2003). To retain the
same sample of pixels through time, areas of cloud masking and unmodeled pixels (complexity = 0) were propagated across all image
dates and were excluded from analysis.

2.4. Ancillary data and statistical assessment

2.4.1. Total year-to-year changes in cover among vegetation types

We analyzed temporal changes in vegetation cover, tracking changes in the fractional cover of trees, turfgrass, NPV, and non-
vegetated surfaces (i.e., sum of pavement, roofs, and soil). We estimated mean fractional cover (i.e., land cover in each pixel sums
to 1) for the entire study area for each year. Since the cover fractions for individual pixels were not normally distributed (i.e., many
values stacked at fractions of 0 and 1) and could not be tracked pairwise through time, we used US census tracts as the unit of analysis
to evaluate temporal variability in cover type distributions (US Census Bureau, 2010; County of Los Angeles, 2020). To assess the
relationship between vegetation type composition and total vegetation abundance, we also compared the proportional cover of trees,
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turfgrass, and NPV within census tracts as the total combined vegetation cover increased. In order to estimate the heterogeneity of
change, we calculated the standard deviation of mean values across all census tracts, weighted by the number of pixels extracted within
each census tract.

2.4.2. Vegetation cover changes in different physiographic regions of the city

To visualize and map the cumulative changes across the study area from 2013 to 2018, we aggregated mean cover estimates by
census tracts that contained at least 50 pixels (of any cover type, vegetated or non-vegetated), taking the difference from 2013 and
2018 vegetation cover estimates (i.e., trees, turfgrass, or NPV). Change in each census tract was displayed on a map of the study area
from which we could evaluate how vegetation types in different regions of the city changed through time.

2.4.3. Vegetation cover changes based on household income and outdoor water use

To evaluate vegetation cover changes during the drought across areas of the city that differed in median household income and
estimated outdoor water use, we used US Census Bureau income data and water use data from an average rainfall year (2006).
Although income and landscape irrigation volume are strongly correlated in Los Angeles (R = 0.71; Mini et al., 2014), we wanted to
evaluate vegetation cover changes from independent sources at different spatial scales. This allowed us to broadly characterize the
effect of affluence and the likely ability of different neighborhoods to maintain green vegetation throughout the drought. Polygons for
median household income in 2018 were organized at the census tract scale (mean area = 1.20 ka, SD = 1.12 km?) across the entire
study domain within Los Angeles County, while the outdoor water use data were estimated from postal carrier route polygons (mean
area = 0.40 km? SD = 0.28 km?) within the City of Los Angeles. This meant that the income census tract polygons were more
appropriate for overall neighborhood-scale analysis across a broader domain of the urban area, whereas the water use polygons were
more sensitive to changes in single-family residential areas.

Median household incomes for 2018, aggregated for each 2010 census tract from the American Community Survey, were retrieved
from the Los Angeles County data portal (County of Los Angeles, 2020). We stratified the income levels based on a bin width of $30,000
up to a level of $120,000, with values >$120,000 in a single bin. Across these income levels, we compared distributions in surface
cover throughout the drought and changes in tree, turfgrass, and NPV cover types. Weighted mean values across census tracts were
used to calculate standard deviations for cover type changes by income level.

Vegetation change within areas of different irrigation regimes were calculated using estimates of outdoor water use extracted from
single-family residential water use data aggregated to postal carrier route polygons within the City of Los Angeles (Chen et al., 2015).
Data for the 2013-2018 study time period of were not available, but as a means of stratifying different areas of the city by water use
patterns, we relied on available water use data from 2006, an average rainfall year. This allowed us to compare vegetation change in
different parts of the city that characteristically have differing levels of outdoor water use. Postal carrier route polygons with large golf
courses were removed from analysis, and we included only polygons containing at least 50 image pixels.

For each postal carrier route, we estimated average single-family residential outdoor water use per household (m® / household). We
estimated outdoor water use per household, instead of per unit area, because we were interested in how well vegetation was retained
during the drought based on total outdoor water use irrespective of property size. Note that we are using outdoor water use here as an
indication of a household’s capacity to maintain vegetation rather than analyzing irrigation efficiency using relationships between
vegetation greenness and irrigation intensity. Water use data were available as sums for each postal carrier route, and we divided the
sums by the number of single-family households in each carrier route to estimate water use per household. Outdoor water use per
household for each postal carrier route was estimated by calculating the difference in water use between February and June, following
Chen et al. (2015) and Wetherley et al. (2018). This assumes that February, the wettest month of the year, is the least irrigated and is
thus a proxy for calculating indoor water use. Subtracting this amount from water use in June, corresponding to the most common
month of imagery used in this study, results in an estimate of outdoor water use. This is likely a minimum estimate for outdoor water
use since outdoor irrigation also occurs in February in the study area, and true outdoor water use may in fact be higher (Chen et al.,
2015). The few postal carrier route polygons that violated this assumption (i.e., had lower water use in June compared to February)
were removed from analysis (n = 8). Similar to the error estimation for income, weighted mean values across postal carrier routes were
used to calculate standard deviations for cover type changes by water use level.

To compare temporal changes in vegetation based on both income and outdoor water use, we used two main methods: absolute and
relative change. In both cases, we compared changes for trees, turfgrass, and NPV relative to the mean of the time series to assess year-
to-year adjustments. First, we compared changes in terms of absolute fractional cover, meaning the raw fractional estimates (0 to 1)
retrieved for different levels of income or outdoor water use. This summarized where the largest changes in vegetation cover occurred
in the city. Second, we compared percent changes relative to the mean of the time series, because of the large differences in the baseline
amounts of vegetation cover for the different income and outdoor water use levels (Mini et al., 2014; Tayyebi and Jenerette, 2016).
This second method was to normalize for a fairer comparison across different income and outdoor water use levels.

3. Results
3.1. Overall vegetation changes during the drought
Overall land cover was assessed across the full study area. We report all mapped fractions and their absolute change estimates as a

decimal value (i.e., 0 to 1), and all estimates of relative percent change in fractions from the mean of the time series as a percentage (e.
g., +10%). During the study period, non-vegetated surfaces were the dominant form of cover overall, composing a mean fractional
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cover across all dates of 0.709 of the area. Trees were the dominant form of vegetation cover (mean = 0.195), with turfgrass at a mean
of 0.035 and NPV at a mean of 0.062 fractional cover (Table 2).

To gauge overall changes during the drought, the mean cover for each cover type across all dates (shown on the last row in Table 2)
was used as a benchmark against which annual changes were assessed as percent change anomaly (Fig. 2). Generally, cover fluctuated
throughout the study period, with overall losses in turfgrass cover, increases in NPV, and relatively stable tree cover until losses were
detected in 2018. Turfgrass cover exhibited annual decreases from its high in 2013, with the exception of a significant green up event
following higher winter rains in 2017. NPV had low values in 2013, 2014, and 2015, but had higher values in 2016 and 2018. At the
end of the time series in 2018, trees and turfgrass had their lowest mean values and NPV had its highest mean values. Considerable
heterogeneity in change was observed across individual census tracts, with one standard deviation from the mean change always
overlapping the mean of the time series (i.e., zero change value).

When aggregated to census tracts, the proportions of vegetation cover types were different based on the amount of total vegetation
cover (i.e., tree + turfgrass + NPV), but these proportions were mostly stable during the drought time series (Fig. 3). In general, census
tracts with low total vegetation cover (<0.25) had relatively fewer trees and more NPV in their vegetated areas than did census tracts
with higher total vegetation cover. The proportions of tree, turfgrass, and NPV cover stayed relatively consistent for census tracts
having >0.3 total vegetation cover. Census tracts with very high overall vegetation cover (> 0.6) were more variable year to year.
Although these proportions did not undergo large changes through time, the proportion of tree cover decreased and NPV cover
increased from 2013 to 2018 for census tracts having total vegetation fractional cover between 0.3 and 0.5.

Mean tree and turfgrass cover decreased and NPV cover increased from 2013 to 2018 (Table 2), but the nature of the change varied
across different regions of the study area (Fig. 4):

1. Turfgrass loss was more extensive farther from the coast in the inland valleys, with the greatest losses occurring north and east of
the Los Angeles Basin in the San Fernando and San Gabriel Valleys (Fig. 4A). Additional large losses of turfgrass cover occurred in
the highly vegetated foothill areas at the perimeter of the Los Angeles Basin (e.g., Beverly Hills, Rancho Palos Verdes, Whittier). By
contrast, turfgrass cover appeared to increase south of downtown Los Angeles in residential areas and commercial districts (e.g.,
Vernon) as well as closer to the ocean in the west (e.g., Santa Monica, Torrance).

2. Overall spatial changes in tree cover were not as apparent as they were in turfgrass, but from 2013 to 2018 more areas experienced
tree cover losses than gains (Fig. 4B). The tree cover losses were scattered throughout the Los Angeles Basin, as well as to the north
and east in the San Fernando and San Gabriel Valleys. Tree cover fraction increased in the southwest of the San Fernando Valley (e.
g., Woodland Hills), and as well as the northwest (e.g., UCLA) and east (e.g., Whittier) of the Los Angeles Basin.

3. The spatial patterns of overall green vegetation (tree + turfgrass) cover changes (Fig. 4C) were more similar to changes in turfgrass
rather than tree cover.

4. Fig. 4D shows that total vegetation cover (tree + turfgrass + NPV) was lost in the inland valleys, most strongly in the San Gabriel
Valley, but increased in many parts of the Los Angeles Basin. This is because increases in NPV were often apparent in areas that also
lost turfgrass cover, such as in the San Fernando Valley and the hills to the south of the San Gabriel Valley (Fig. 4E). However, NPV
cover decreased in some areas where turfgrass increased, such as south of downtown Los Angeles. Notably, turfgrass losses in the
San Gabriel Valley itself did not lead to as large increases in NPV proportionally as might have been expected, suggesting that this
region may have experienced more conversion from turfgrass to non-vegetated urban surfaces than other areas.

(Larger versions of difference maps in Fig. 4 showing anomalies between 2013 and 2018, as well as differences between the mean of
the time series and 2018, are provided in the supplemental material, Figs. S5-S14.)

3.2. Vegetation change related to income and water use

3.2.1. Income

We compared changes in vegetation cover based on absolute fractional cover for different levels of median household income
(Fig. 5A). For most income levels, tree cover was lowest in 2018 but did not consistently decrease year-over-year as the drought
progressed. Higher income levels generally had greater shifts in yearly mean tree cover than lower income levels. Turfgrass had a more

Table 2

Mean fractional cover of the major urban vegetation types for each year across the entire study area. NPV is non-photosynthetic vegetation (e.g.,
senesced grass, plant litter) and NON-VEG includes pavement, roofs, and bare soil. Standard deviation (SD, in parentheses) is calculated from the
means of census tracts (n = 1935), weighted by number of available pixels within each census tract. All years had below average winter rainfall except
for 2017, which had average rainfall for the study area.

Year TREE TURF TREE + TURF NPV TREE + TURF + NPV NON-VEG

2013 0.194 (0.109) 0.036 (0.029) 0.231 (0.124) 0.058 (0.042) 0.289 (0.134) 0.711 (0.134)
2014 0.205 (0.103) 0.034 (0.033) 0.239 (0.119) 0.060 (0.044) 0.300 (0.133) 0.700 (0.133)
2015 0.196 (0.103) 0.033 (0.028) 0.229 (0.118) 0.057 (0.042) 0.285 (0.131) 0.715 (0.131)
2016 0.193 (0.097) 0.031 (0.029) 0.224 (0.111) 0.067 (0.046) 0.290 (0.127) 0.710 (0.127)
2017 0.198 (0.095) 0.039 (0.035) 0.237 (0.112) 0.062 (0.048) 0.299 (0.132) 0.701 (0.132)
2018 0.183 (0.095) 0.030 (0.028) 0.213 (0.110) 0.071 (0.047) 0.284 (0.126) 0.716 (0.126)
Mean 0.195 (0.101) 0.034 (0.030) 0.229 (0.116) 0.062 (0.045) 0.291 (0.131) 0.709 (0.131)
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consistent trend with most income levels showing a general decrease in turfgrass cover over time, except for high values in 2017. The
magnitude in year-to-year adjustments in turfgrass cover was also greater for higher income levels than for lower income levels. All
income levels had relatively higher NPV cover in 2016 and 2018 than other years. Higher income levels did not necessarily have
greater increases in NPV than the other income levels, in contrast to the greater shifts for higher income bins observed for trees and
turfgrass. However, when scaled relative to the mean vegetation cover fraction for the entire time series, differences in the magnitude
of cover change between income levels were no longer as apparent for tree and turfgrass cover types (Fig. 5B). For trees, the higher
income levels did not have relatively more change than the lower income bins. In fact, many of the lower income bins had relatively
similar changes through time (except for estimates in 2013), while the highest income level, >$120 k, had relatively smaller changes,
likely due to its much higher baseline of tree cover. Relative changes in turfgrass were very similar throughout the time series and
appeared to be largely independent of income level. NPV cover changes had very similar temporal patterns after normalizing for mean
cover as they did for absolute fractional cover changes, and the greatest increases in NPV in 2018 relative to the mean were still in the
middle income levels. Although the proportions of vegetation cover types varied by median household income, the vegetation cover
proportions within each income level remained relatively constant through all years of the time series (Fig. S15). There were small
year-to-year changes in vegetation cover estimates but these did not amount to dramatic changes in cover by median household in-
come level in aggregate as the drought progressed.

3.2.2. Outdoor water use

After estimating typical single-family residential mean outdoor water use per household from an average rainfall year (2006), we
considered outdoor water usage in the following quintile bins, in units of m3/household: very low (0-2.77), low (2.77-6.63), medium
(6.63-15.71), high (15.71-24.54), and very high (24.54-588.99). This meant the highest outdoor water users used up to an order of
magnitude more water than any of the other outdoor water use levels.
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We compared the absolute fractional changes in vegetation cover types by level of outdoor water use (Fig. 6A). Tree cover changes
in the high and very high water use levels showed more consistent year-over-year reductions through the time series than the lower
water use levels. Turfgrass fractions were higher in 2013 than the mean of the time series for all water use levels. In general, higher
water use levels showed greater variability in turfgrass than the lower water use levels. Year-to-year changes in NPV generally showed
increases through the time series, but this was more apparent in the higher water use levels. When scaled to relative change by the
mean of the time series (Fig. 6B), the overall temporal patterns in water use bins were similar to the observed shifts in absolute fraction
totals. For trees, the relative magnitudes of changes were small for the higher water use levels. Relative turfgrass and NPV changes
were of a similar magnitude across all water use levels. NPV values were greatest in 2018 for all water use levels. In general, overall
vegetation cover increased with mean outdoor water use, and these proportions were largely stable through time (Fig. S16).

4. Discussion
4.1. Importance of separating urban vegetation types through time

We confirmed distinct temporal responses of different types of urban vegetation to drought at the metropolitan scale. This is
especially important because of the effects that different types of healthy vegetation cover can have on local urban climates (e.g.,
Norton et al., 2015). For example, turfgrass lawns have greater evapotranspiration rates than trees and provide significant cooling
through latent heat loss (Liang et al., 2017; Wheeler et al., 2019), and evapotranspiration rates can depend on whether the land use is
residential or recreational (Peters et al., 2011). Tree evapotranspiration is highly variable by species (Pataki et al., 2011) and can
significantly reduce air temperatures in areas with large amounts of tree cover (Wang et al., 2017; Ziter et al., 2019; Alonzo et al.,
2021); at very local scales, shading from tree cover is often a far more influential moderator of air and surface temperatures (Souch and
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Souch, 1993). Although not actively photosynthesizing, NPV-covered areas represent seasonal contributors of latent exchange during
wetter seasons or months in contrast to non-vegetated surfaces which, with the exception of bare soil, are unlikely to return to
vegetated cover (Pincetl et al., 2019).

We mapped fractional cover estimates of different types of urban vegetation from a multi-annual time series of airborne imaging
spectroscopy data. Other urban remote sensing studies have tracked trees and/or turfgrass through time (e.g., Gillespie et al., 2012;
Hedblom et al., 2017; Allen et al., 2021), but to our knowledge this is the first study to separately track trees, turfgrass, and NPV cover
through time across a large metropolitan region. Overall, our cover estimates (mean values: tree = 0.20, turfgrass = 0.03, NPV = 0.06;
Table 2) are comparable to those measured for a single point in time in other recent studies in the Los Angeles area during summer
(McPherson et al., 2011; Wetherley et al., 2018), despite differences in year and month of acquisitions (Los Angeles city: tree/shrub =
0.21, irrigated grass = 0.12, dry grass/soil = 0.06, McPherson et al., 2011; Los Angeles metropolitan area: tree = 0.20, turfgrass = 0.04,
NPV = 0.07, Wetherley et al., 2018).

4.2. Impacts of drought on urban vegetation and implications for urban climate of Los Angeles

The different long-term drought responses observed between urban vegetation types were likely related to both physiological
differences as well as trending changes in outdoor water use over the duration of the event (Peters et al., 2011; McPherson et al., 2011;
Wheeler et al., 2019). Overall, turfgrass cover declined and NPV cover increased between 2013 and 2018. We observed turfgrass to be
highly sensitive to winter rainfall, recovering during wetter years such as 2017 and rapidly reverting to NPV in 2018. Although
turfgrass in 2018 may have been primed for senescence after many years of drought, we hypothesize that this quick return of NPV may
have been exacerbated by water conservation measures (Los Angeles Department of Water and Power, 2017). Water use reduction
targets were implemented throughout the city during the 2012-2016 drought, with continued reductions planned into 2035 (Los
Angeles Department of Water and Power, 2017; Palazzo et al., 2017).

In contrast to turfgrass, mean tree cover did not exhibit any large changes for most of the time series, with major reductions
occurring only in 2018 after the main drought had ended. This observed aggregate decline is supported by other studies that have
quantified larger declines in trees after a drought has ended, due to accumulated stress and weakened health (Trugman et al., 2018;
Kannenberg et al., 2020). While extensive drought-driven tree mortality has been observed in natural areas in California such as the
Sierra Nevada mountains (Fettig et al., 2019), the lack of significant reductions in our study implies that urban tree mortality was less
widespread during the study period. Despite this, canopy loss and deaths of individual urban trees were documented throughout the
southern California region but rarely at the scale of entire tree stands (Stevens et al., 2015; Miller et al., 2020). Confirming mortality
estimation would require higher spatial resolution imagery, in which individual trees could be uniquely tracked, or repeated field
surveys.

At the neighborhood scale, drought impacts depended on the amount and type of local vegetation cover. The relative proportions of
different vegetation cover types shifted based on the overall amount of vegetation cover (Fig. 3), affecting the available ecosystem
services that are provided by trees versus turfgrass. Tree cover largely persisted, and continued to provide shade and evaporative
cooling; thus tree-dominated neighborhoods remained more resilient against urban heating during the drought. Conversely, turfgrass
rapidly senesced so neighborhoods dominated by turfgrass were less resilient, and likely felt the additional heating impacts of the
drought more acutely (Allen et al., 2021). As a consequence, our results imply that spatial distributions of trees versus turfgrass, as
presented here, may be more informative for quantifying vegetation climate impacts during drought compared to a generic ‘urban
green vegetation cover’ classification (e.g., Franke et al., 2009; McPherson et al., 2011; Degerickx et al., 2020).

4.3. Effects of physiography, income, and water use

The dynamic changes in turfgrass, NPV, and tree cover showed unique patterns relative to large scale physiographic features.
Turfgrass loss was concentrated in the inland valleys in the north (San Fernando Valley) and east (San Gabriel Valley) of the study area,
which tend to be warmer and drier than the Los Angeles Basin (Tayyebi and Jenerette, 2016; Crum et al., 2017; Pincetl et al., 2019).
Thus, preferential turfgrass loss might be expected. However, corresponding NPV cover gains were not as pronounced in these regions,
suggesting greater conversion to non-vegetated urban surfaces—at the time, widespread lawn removal programs were instituted in
these areas to reduce irrigation demand (Pincetl et al., 2019). Instead, NPV cover gains were more prominent in hilly and mountainous
areas with varied terrain, which correspond to more limited urban development and lower population densities. Tree cover changes
were less geographically concentrated and were likely influenced by local factors that determined tree cover distribution initially, such
as time of urban development, land parcel size, or socioeconomic conditions (Gillespie et al., 2012; Pincetl et al., 2013a; Pincetl et al.,
2013b).

High income households proved more adaptable and resilient to drought conditions while also exhibiting greater absolute year-to-
year changes in tree and turfgrass cover (Fig. 5A). This apparent contradiction is because higher income areas had larger amounts of
vegetation cover prior to drought (thus more to lose overall), but at the same time residents could more effectively support existing
vegetation cover (Pincetl et al., 2019). In contrast, middle-income areas, which began with significant vegetation cover but ultimately
had fewer resources to maintain it during sustained drought, often experienced similar or greater relative losses of turfgrass compared
to higher income neighborhoods (Fig. 5B). Although it was beyond the scope of our analysis for this study, the climate benefits
resulting from more effective vegetation maintenance throughout the drought would be one of several contributing factors to greater
drought resiliency for high income residents, including access to air conditioning (Schwarz et al., 2015; Fraser et al., 2017; Palazzo
et al., 2017). While many studies have investigated the relationship between vegetation or tree cover and income (Mini et al., 2014;
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Schwarz et al., 2015; Tayyebi and Jenerette, 2016), few have examined this linkage between vegetation cover types and the health and
resiliency of residents of different income levels during drought.

When organized into classes of typical (non-drought) outdoor water use, the degree to which year-to-year cover changes responded
to the drought varied by vegetation type (Fig. 6). Tree cover in areas with typically high water use declined more consistently from
2013 to 2018 than did tree cover in areas with lower water use. A confounding factor may be that trees in high water use areas tended
to occur in larger urban forest patches, and therefore changes in cover could be detected more consistently in 18 m spatial resolution
imagery compared to isolated or more dispersed trees (more typical of low water use areas) which would only appear in subpixel
mixtures (Herold et al., 2004). We detected the opposite trend for turfgrass, with lower water use areas showing greater relative
reductions in turfgrass overall while high water use areas had greater year-to-year variability. This suggests that the drought had a
more lasting effect on the turfgrass cover of lower water use areas, and may indicate more water conservation by lower water users
compared to high water users (Palazzo et al., 2017). By extension, the climate benefits conferred by vegetation would be reduced more
greatly in lower water use areas during drought, leaving lower income or more vulnerable populations at increased risk during extreme
heat events (Tayyebi and Jenerette, 2016; Hulley et al., 2019; Schell et al., 2020).

4.4. Longer term implications of droughts for urban areas and vegetation

We observed rapid (turfgrass) and long-term (tree) cover changes over the course of our time series. Critically, because urban trees
may take several years to exhibit stress and canopy loss, impacts may not be easily perceptible from year-to-year during a drought
before manifesting as permanent changes over the long-term. Understanding these impacts will require multi-decadal studies (Gil-
lespie et al., 2012) to complement annual analyses. For urban planners and residents, the challenge of maintaining urban green
vegetation cover in arid or semi-arid climates will continue to grow as water conservation targets become more restrictive (McPherson
et al., 2018; Los Angeles Department of Water and Power, 2017; Porse et al., 2018). In Los Angeles, the focus will likely be on resi-
dential water conservation: the Los Angeles Department of Water and Power (2017) has estimated that residential areas have the
greatest maximum cost-effective conservation potential for water savings by 2035 (90,000 acre-ft/yr; 111.0 x 10° m%/yr), with much
smaller amounts for commercial-institutional-industrial (46,000; 56.7 x 10%) and city-owned (4000; 4.9 x 10°) areas. As vegetation
becomes more expensive or difficult to maintain, its loss may become permanent, such as the permanent transitions from turfgrass to
non-vegetated surfaces we observed in the San Gabriel Valley. However, the active conversion from turfgrass to xeriscaping is
expensive and is a luxury enjoyed by wealthier residents; lower income areas may only be able to afford to let turfgrass senesce (Pincetl
et al., 2019). Further, to become established, drought-tolerant vegetation may require additional irrigation inputs: counterintuitively,
it is often best to plant drought-tolerant vegetation when water is readily available rather than during a severe drought (Porse et al.,
2018). In the long-term, replacing turfgrass with drought-tolerant native plants and xeriscaping will reduce water use, but it will also
affect energy budgets as latent heat loss decreases and local temperatures increase (Vahmani and Ban-Weiss, 2016; Pincetl et al., 2019;
Wetherley et al., 2021).

While Los Angeles and many other California cities are prototypical examples of drought-affected regions (Lund et al., 2018),
drought can affect urban vegetation growth and structure in wetter climates as well (e.g., Chicago, Illinois; Bialecki et al., 2018) but on
different time scales relative to Mediterranean climates (e.g., Melbourne, Australia; May et al., 2013). Drought impacts will also vary
with the local vegetation species palettes within cities, affecting local responses and the likelihood of planting native species, even in
wetter climates (Jenerette et al., 2016). In the longer term, and faced with the prospect of severe droughts influenced by climate
change (Sun et al., 2015; Williams et al., 2015; Marvel et al., 2019), cities will need to plan for extreme drought conditions when
selecting vegetation (Norton et al., 2015), especially in seasonally dry regions such as California (McPherson et al., 2018; Quesnel
et al., 2019; Pincetl et al., 2019).

5. Conclusions

We showed how a multi-year drought can give rise to major changes in urban vegetation cover distributions, using the 2012-2016
drought in Los Angeles, California as a case study. We found that trees and turfgrass cover changes responded at different time scales to
drought and showed differing magnitudes of response based on broad-scale patterns in urban climatology and physiography. First,
turfgrass was highly responsive to drought due to reductions of both precipitation and irrigation as well as higher temperatures,
whereas the responses of trees were more buffered and tree cover changes took years to develop, even after the main 2012-2016
California drought had ended. Second, we found that turfgrass cover losses were most apparent in the inland valleys of the study area,
indicating that different climatological regions within the Los Angeles metropolitan area had different vegetation responses to drought.
Our results suggest that cooler coastal areas may have more difficulty maintaining turfgrass cover if climate change causes them to
become more climatological similar to the current warm inland areas. These spatially differentiated losses were not apparent for trees.
Third, we found that areas of the city with the highest levels of income and outdoor water use experienced the greatest absolute
changes in tree and turfgrass cover. Relative to their mean amount of existing vegetation cover, the lower-income and lower outdoor
water use areas more often had the greatest tree cover changes, and turfgrass and NPV changes became more similar across all income
and outdoor water use levels. Therefore, during future droughts we might expect the largest absolute changes in urban vegetation
cover to be found in wealthier and more well-watered areas of the city. However, in relative terms, the drought impacts on vegetation
are likely to be more similar or even relatively greater for lower income and water use areas. Our results demonstrate how studies of
urban vegetation cover changes and climate impacts can benefit from finer-scale spatial and vegetation type distinctions to gain a more
detailed picture of local climate and drought impacts within urban landscapes.
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