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Introduction

Abstract

Large-scale changes in forest structure and ecological function throughout west-
ern North America have led to increased frequency, size, and severity of wild-
fires. The US Forest Service is implementing state-wide forest restoration
initiatives to reduce wildfire hazards and improve forest health. We provide a
synthesis of pre- and post-treatment forest vegetation and ecosystem moisture
trends between 1990 and 2017 in Arizona, the first US state where the initiative
has implemented a variety of thinning and burning methods in over 1,200
polygon areas across 3.5 million ha. Using 4,426 Landsat satellite images on
Google Earth Engine, we calculated normalized difference moisture index
(NDMI), normalized difference water index (NDWTI), and normalized difference
vegetation index (NDVI) to create dense time-series datasets. The indices and
1990-2017 annual total precipitation dataset were then examined using a
Mann-Kendall tau test to identify statistically significant upward and downward
trends for each pixel. Our results indicate that much of the study region were
experiencing drought conditions prior to restoration treatments and NDVI val-
ues were significantly decreasing, especially during the dry spring season. How-
ever, both NDMI and NDWI trends indicate that the forest restoration
treatments have contributed to increased total ecosystem moisture, while pre-
cipitation in the post-treatment period exhibit stable trends. Forest restoration
treatments appear to have improved the overall forest health and resiliency to
drought, especially during the dry spring season, when forests are most vulnera-
ble to water stress and wildfire risks. Our results of the spatial patterns and
long-term trends in these variables can inform the currently ongoing and future
restoration treatments to better target the treatment strategy across the south-
western USA. Google Earth Engine enabled our synthesis of these long-term
trends over the large region and will enhance our continued monitoring in the
coming decade.

to fire, drought, insect outbreaks, disease, deforestation,
and climate change (Lierop et al, 2015). Land manage-

Global forests provide a critical role in regulating climate,
carbon storage, and hydrologic cycling (Foley et al., 2005;
Kohl et al., 2015; Trumbore et al., 2015). Forests also pro-
vide habitat for plant and animal species (Hidalgo et al.,
2015), and many ecosystem services for populations
around the world (Miura et al., 2015). Global forests are
undergoing large-scale changes and forested areas are
declining (Hansen et al., 2013; Keenan et al., 2015) due

ment strategies can substantially alter these trends in for-
est conditions and increase forest resiliency to disturbance
events.

In the southwestern USA, millions of hectares (ha) of
ponderosa pine forests have become vulnerable to catas-
trophic wildfires due to abnormally high tree densities
(Allen et al., 2002; Covington et al., 1997), which resulted
from previous decades of livestock grazing, fire exclusion,
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and timber management (Cooper, 1960; Fule et al., 2009;
Larson & Churchill, 2012; Savage et al., 1996). Due to the
high tree density, approximately 70% of the ponderosa
pine forest has been estimated to be at a high risk of bark
beetle infestation (USDA, 2013), whereas 34% of the for-
est is already affected by dwarf mistletoe (USDA, 2013).
The dense stands of even-aged, small diameter trees have
replaced up to 70% of the ponderosa pine forests, which
were historically characterized with naturally open condi-
tions (Covington & Moore, 1994).

The US Forest Service (USFS) recently launched the
first and largest restoration effort in the US history
known as the Four Forest Restoration Initiative (4FRI) in
Arizona to reduce the high tree density (USDA, 2013).
Other western US states are launching similar initiatives
through the US Forest Service’s Collaborative Forest
Landscape Restoration Program (Dickinson et al.,, 2016;
Cannon et al, 2018). The 4FRI will conduct forest
restoration treatments over 3.5 million ha across Arizona
over 20 years with a primary goal to reduce wildfire risk
and improve forest health (USDA, 2013). In particular,
4FRI aims to thin and burn the forests to create patches
and stands similar to the historic distribution of small
groups of trees mixed with open interspaces (Allen et al.,
2002; USDA, 2013). The resulting pattern is hoped to
improve forest health and functioning and increase total
ecosystem moisture retention and water yield (Rich &
Gottfried, 1976). The 4FRI activities officially started in
2007 and many treatments have already been accom-
plished. We provide the first synthesis of the regional for-
est restoration effort and its impacts on forest health
across the state of Arizona, USA. Such comprehensive
assessment is critical for other states throughout the Uni-
ted States, who will likely adopt similar restoration initia-
tives in the coming years and decades (Allen et al., 2002;
Dickinson et al., 2016; Cannon et al., 2018), as well as for
land managers in Arizona in their adaptive management
strategies.

In forested ecosystems, vegetation provides the primary
medium that transfers water from the ground to the
atmosphere (Asbjornsen et al., 2011; Chapin et al., 2002;).
Forest evapotranspiration comprises a large component of
the total ecosystem water loss and quantifying this com-
ponent is critical for forest and water resource manage-
ment (Asbjornsen et al., 2011; Porporato, 2002;). In arid
and semi-arid environments, up to 90% of total annual
rainfall can be lost through vegetation evapotranspiration
(Huxman et al., 2004). This process is particularly acute
in Arizona and the southwestern USA, where rates of
evaporation are already high due to high temperatures
and low humidity. Furthermore, over the winter months,
forest canopies intercept up to 60% of the annual snow-
fall and can sublimate up to 40% of the snowfall in the
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canopies (Andreadis et al., 2009). Together, these losses
through vegetation canopies can create water deficits in
the ecosystem and, in return, reduce total ecosystem pro-
ductivity (Biederman et al., 2016).

Forest thinning and burning can significantly reduce
vegetation canopy cover and density (Belmonte et al,
2019; Briggs et al., 2017; Cannon et al., 2018; Fule et al.,
2012; Underhill et al., 2014). As a result, forest evapotran-
spiration is expected to reduce substantially (Barnes et al.,
2016; Dore et al., 2012; Rich & Gottfried, 1976; Zhang
et al, 2001; Simonin et al, 2007), which would be
expected to lead to greater canopy moisture in the
remaining trees and thus greater resiliency to drought.
Furthermore, canopy interception of snow and sublima-
tion is similarly reduced (Gottfried & Ffolliott, 1980; Har-
pold et al, 2014; Sankey et al, 2015), which allows
greater snow accumulation on the ground making a
greater contribution to the groundwater recharge and
water yield (Baker, 1986; Rich & Gottfried, 1976; Simonin
et al., 2007). Together, the reduced evapotranspiration,
greater canopy moisture in the remaining trees, and
improved groundwater recharge would all lead to greater
resiliency to drought. These cumulative benefits, however,
have not been quantitatively assessed. It is currently
unknown whether the regional restoration treatments
have had significant ecohydrological impacts in addition
to the reduced wildfire risk. We synthesize 4FRI’s poten-
tial ecohydrological impacts to determine whether the for-
est restoration activities are increasing total ecosystem
moisture (e.g., canopy moisture) and retention and,
thereby, improving forest resiliency to drought. In partic-
ular, we quantify the extent and spatial patterns of the
reduced canopy cover, density, and biomass, subsequently
improved canopy moisture resiliency, and identify the
specific treatment types that are associated with the
improved resiliency, if observed. We use a vegetation
index as an approximate estimate of forest canopy vigor,
cover, density, and biomass, and we evaluate moisture
indices to estimate forest canopy moisture changes and
infer improved resiliency.

Monitoring post-treatment forest health and resiliency
to drought can be challenging due to subtle vegetation
changes that are not immediately apparent in satellite
image reflectance (Asner et al., 2004; Sankey, 2012). How-
ever, by building a large and dense time-series images
from satellite data, we might detect gradual trends in for-
est health, vigor, and canopy moisture, and thus resi-
liency. Google Earth Engine (GEE) provides a unique
opportunity to synthesize such trends with its large
archives of Landsat satellite images and high-performance
computing capabilities (Gorelick et al., 2017; Sankey
et al., 2018). GEE offers complex analysis capabilities for
image classification, change detection, time-series analysis,
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and vector-based extraction of image statistics (Erickson,
2014; Hancher, 2013; Moore & Hansen, 2011). As a
result, GEE has been successfully used in several large-
scale studies (Dong et al., 2015; Hansen et al, 2013;
Johansen et al., 2015; Massey et al,, 2018; Patel et al.,
2015; Sankey et al, 2018; Simonetti et al.,, 2015; Telu-
guntla et al., 2017).

Our objectives were to: (1) quantify changes in forest
condition due to the forest restoration treatments,
namely, forest thinning and burning across the state of
Arizona, USA, and (2) quantify changes in forest canopy
moisture to evaluate whether the forest restoration activi-
ties have had potential benefits in forest resiliency to
drought. Using the large Landsat image archive on GEE,
we synthesize the long-term trends in forest vegetation
and forest moisture before and after the forest treatments
spanning a total of 27 years between 1990 and 2017. We
also integrate the precipitation trends over the 27-year
period to assess how restoration treatment impacts inter-
act with precipitation trends at decadal scales, since pre-
cipitation plays a critical role in total ecosystem moisture
availability and evapotranspiration (Barnes et al., 2016).

Methods

Study Region

Our study focused on four National Forests across the
state of Arizona, USA (Figure 1), managed by the US
Forest Service: the Kaibab, Coconino, Tonto, and
Apache-Sitgreaves (Figure 1). The entire 4FRI boundary
includes approximately 3.5 million ha area across an aver-
age elevation of 2,000 m ranging between 750 m and
3,850 m. The region encompasses over a million ha of
ponderosa pine forests, the largest in the United States,
comprising the southernmost ponderosa pine belt in the
North American continent. The region experiences cool
winters and warm summers. The average precipitation at
high elevations is 650 mm, whereas lower elevations
receive approximately 450 mm precipitation a year.

We grouped the forest vegetation cover types into the
following dominant categories: 1) ponderosa pine (Pinus
ponderosa), 2) mixed conifers, and 3) pinyon-juniper
(Pinus spp and Juniperus spp). The restoration treatments
included areas of controlled burning and mechanical thin-
ning (Table 1) of varying levels of intensity, which we
simply grouped into two categories: a) burning, and b)
thinning. The primary goal of the thinning and burning
treatments is to reduce wildfire risk and improve forest
health (USDA, 2013). Specifically, the treatments aim to
re-create the historic distribution of small groups of trees
mixed with open interspaces, and to promote diversity in
tree group and interspace size, shape, and spacing. By
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emphasizing irregular forest patch sizes, expansion of
interspace, and substantial reductions in small understory
trees, the treatments ultimately aim to create healthy
overstory vegetation and understory regeneration.

Our study also summarizes and focuses on two primary
temporal periods: 1) pre-treatment period, which spans
1990-2006, prior to 4FRI restoration activities started,
and 2) post-treatment period between 2007 and 2017.
The beginning of the post-treatment period varied slightly
among the individual treatment polygons, as the exact
treatment dates varied per polygon, which we considered
and carefully differentiated in our analysis. The treatment
polygons, treatment dates, and the treatment descriptions
were acquired as shapefiles from the US Forest Service,
who records and reports the 4FRI activities annually.

Datasets

We first used the gridded surface meteorological dataset
GRIDMET (Abatzoglou, 2012) available on GEE, which
provides daily surface temperature, wind, humidity, pre-
cipitation, and radiation data in 4 km cells across the
contiguous USA since 1979. Of this dataset, we extracted
the daily precipitation data between 1990 and 2017 and
calculated the total annual precipitation in 4 km cells for
every year over the 1990-2017 time period using the redu-
cer and statistical summary tools available in GEE. While
the GRIDMET temperature datasets have median correla-
tions of 0.87-0.95 with independent validation datasets,
the precipitation datasets have correlations of approxi-
mately 0.85 with validation datasets with an average bias
of 5% (Abatzoglou, 2012). We created two separate layer
stacks of annual total precipitation for 1990-2006 and
2007-2017 time periods using a layer stack function along
with an image collection tool. The 1990-2006 time-period
layer stack, therefore, included 17 raster bands, whereas
the 2007-2017 layer stack had 11 bands of total annual
precipitation. We created these two-layer stacks to sepa-
rately examine temporal trends in the total annual precip-
itation within each time-period to first determine if
statistically significant increase or decrease were already
occurring in precipitation trends across our study region
in Arizona regardless of forest thinning and burning
treatments. It was important to evaluate the temporal and
spatial patterns of precipitation across our large study
region, because precipitation varies across Arizona. The
northern parts of the state at high elevations tend to have
cooler climates with greater precipitation, whereas the
southern part is warm throughout the year with lower
amount of precipitation.

We used the Landsat 5 TM and Landsat 8 OLI surface
reflectance (SR) image collections (LANDSAT/LTO05/
CO01_SR and LANDSAT/L8/C01_SR collections,
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D Arizona State Boundary
National Forests

Burn Treatment  Thin Treatment

| Area (hectares)  Area (hectares)
Apache-Sitgreaves 10 - 100 ® 02-100

——— Coconino : 200 - 500 ® 200-50
— Kaibab 600-2,000 @ 600-2,000
" Pl ‘ 3,000-5000 @ 30002000

Figure 1. The Four Forest Restoration Initiative (4FRI) study region in Arizona, USA. 4FRI is the first and largest forest restoration effort in the US
history. Since its launch in 2007, 4FRI has treated over 1200 polygon areas (Table1).
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Table 1. Summary of the forest types and restoration treatments conducted over the study region since 2007.

Total Total

Total area Total Total burned thinned
Vegetation cover type (ha) burned polygons thinned polygons area (ha) areas (ha)
Ponderosa pine 129,443 197 375 88,574 40,869
Mixed conifer 88,501 54 77 75,911 12,590
Pinyon-Juniper/Shrubs 218,556 219 306 165,472 53,094
TOTAL 436,510 467 758 329,957 106,553
respectively) from the GEE image archive for both time B4 —B5
periods. Together, these collections included 4,426 Land- NDMI = B4+ B5 (2)
sat images. The Landsat SR image collection in GEE were
pre-processed with the Landsat ecosystem disturbance B)—Ba
adaptive processing system (LEDAPS) algorithm (Masek NDWI:m (3)

et al, 2012). We further filtered the Landsat SR image
collection to mask cloudy pixels. We also made the sur-
face reflectance data from Landsat 8 more consistent with
Landsat 5 data using the coefficients and regression mod-
els developed by Roy et al. (2017). In our analysis of pre-
treatment and post-treatment period comparisons, it was
important to consider and correct the sensor differences.

We divided each calendar year in the image collections
into the following seasonal periods with the respective
Julian dates: (1) Season 1 or pre-Monsoon spring: 91-180
(April 1-June 30), (2) Season 2 or summer Monsoon:
181-270 (July 1-September 30), (3) Season 3 or fall: 271-
330 (October 1-November 30), and (4) Season 4 or win-
ter: 331-90 (December 1-March 30). These seasonal peri-
ods reflect the expected relative changes in vegetation
greenness and total moisture between different seasons.
Annual precipitation in Arizona features a strong bimodal
distribution with peaks in the winter and during the sum-
mer Monsoon season (Sankey et al., 2015). We, therefore,
compared each season individually between the pre-treat-
ment period versus the post-treatment period. For each
season within each year, we produced a single mosaicked
image by reducing the image collection to the 75™ per-
centile NDVT values, which further eliminated cloud pix-
els that were not be eliminated in the surface reflectance
by the LEDAPS algorithm (Massey et al., 2018).

Statistical Analysis

We calculated the following indices for each season within
each time period using equations 1-3, respectively: 1)
Normalized difference vegetation index (NDVI) (Rouse
et al., 1972), 2) Normalized difference moisture index
(NDMI), and 3) Normalized difference water index
(NDWI) (McFeeters, 1996).

B4 —B3

NDVI=——
B4+B3

(1)

where B2, B3, B4, and B5 represent Landsat green, red,
near-infrared, and shortwave infrared 1 bands, respec-
tively. We chose NDVI in our arid and semi-arid forest
ecosystems with relatively low biomass (Sankey et al.,
2015; Theau et al., 2012) instead of enhanced vegetation
index, for example, which might be appropriate in other
forested ecosystems with large total biomass due to
potential saturation (Huete et al., 2002; Huete et al.,
1997). Our previous studies demonstrated that NDVI was
sensitive to forest cover, density, and biomass reduction
in Arizona forests as a result of thinning and burning
(Sankey et al., 2017; Belmonte et al., 2019; Shin et al.,
2018). NDMI has been commonly used to monitor forest
ecosystem moisture and thus overall forest health and
conditions (Goodwin et al., 2008; Simons-Legaard et al.,
2016), while NDWI has been used as an indicator of
water content and availability. We, therefore, use NDMI
as a broad potential indicator of total ecosystem moisture
including both vegetation and soil moisture content
within pixels. We use NDWI as a potential, additional
indicator of total ecosystem moisture availability. Since
NDMI and NDWI leverage different spectral bands, they
emphasize opposite trends in their values. We, therefore,
use NDMI and NDWI in combination, since forest
canopy moisture and water content estimates were an
important objective in our study to infer forest resiliency
to drought, once we estimated NDVI as an approximate
indicator of forest canopy cover, density, biomass, and
photosynthetic activity. In the uncharacteristically dense
forests, thinning and burning treatments reduce forest
density, biomass, and canopy cover. Thus, a reduced
NDVI due to thinning and burning treatments would be
expected to be associated with reduced forest evapotran-
spiration and, therefore, increased moisture content.

Next, we calculated the median NDVI, NDMI, and
NDWI values of each season per year to summarize the
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index values and layer stacked the median images to create
time-series datasets for each period. In addition, we calcu-
lated the mean of all median images of each index within
each time period and for each treatment polygon. We then
compared the temporal mean values to determine if
NDVI, NDMI, and NDWI values had significantly chan-
ged between the two different periods and among the four
different seasons. We used analysis of variance (ANOVA)
tests with Tukey’s multiple pair-wise comparisons to
determine where significant differences were observed.

We examined the temporal trend in the median values
of each seasonal NDVI, NDMI, and NDWI image stacks,
and in the annual total precipitation time series datasets
using a Mann—Kendall test over the pre-treatment period
and the post-treatment period. The Mann—Kendall rank
correlation trend test (MK test) identifies the magnitude
and direction of monotonic trend within each pixel of
the image time-series (Sankey et al., 2015). The MK tau
coefficient (Eastman et al., 2009; Mann, 1945) ranges
between —1 and 1, where negative values indicate a
decreasing trend over time. Positive MK tau coefficients
indicate an increasing trend and coefficients close to 0
indicate an absence of a trend in a pixel. The MK test
also determines the statistical significance of the trend,
when such directional trends are observed. We chose the
MK test in this analysis for the following characteristics:

(A)

0.7

——c#~— Time Period
e 1 Pre-Treatment

Post-Treatment

NDVI

0.2

Season1 Season2 Season3 Season4

T. Sankey et al.

1) it is resistant to potential outliers in time-series data
(Neeti & Eastman, 2011; Neeti et al., 2012), 2) it can be
performed with small sample sizes (Yue & Wang, 2004),
and 3) it does not require a normal distribution in time-
series data (Neeti & Eastman, 2011). The MK test, how-
ever, requires sufficient dates in a time-series (at least 8
consecutive dates) to identify significant temporal trends
in a dataset. We, therefore, included only the earlier treat-
ment dates from 2007 to 2010 in the post-treatment per-
iod analysis and carefully chose 400 polygons among the
1,225 treated forest polygons.

Within each median index image stack, we estimated
the proportion of area (in ha and in percent) with signifi-
cantly increasing and decreasing trends and examined if
the direction of the trend changed from the pre-treatment
period to the post-treatment period. Furthermore, we
estimated the mean proportion of area with significant
trends for each treatment type post-treatment and com-
pared the mean values between the two treatment types
using ANOVA tests to determine which treatment types
were associated with the significantly greater increases in
post-treatment NDMI and NDWI. We also added as
covariates the significant trends in total annual precipita-
tion data described above and the forest vegetation cover
types, because we expected that the responses might vary
due to precipitation trends and by cover type.

(B)

0.7

Time Period

Pre-Treatment
Post-Treatment

NDVI

0.3

0.2

Season1 Season2 Season3 Season4

Figure 2. Comparisons of the mean NDVI values between the pre-treatment period (1990-2006) and post-treatment period (2007-2017). The
annual cycle is divided into four seasons due to the annual precipitation distribution and phenological changes: Season 1 (April 1-June 30),
Season 2 (July 1-September 30), Season 3 (October 1-November 30), and Season 4 (December 1-March 30). In thinned forests (Panel A), mean
NDVI values were not significantly different for any of the seasons between the pre-treatment versus post-treatment periods. In burned forest
polygons (Panel B), mean NDVI values were significantly greater following treatment for Seasons 1, 3, and 4 compared to the pre-treatment

period (p-values <0.05).
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Table 2. Mean index values compared between the pre-treatment versus post-treatment periods using an ANOVA test and Tukey’s multiple pair-
wise comparisons. Highlighted cells indicate significant differences (p < 0.05). The values shown are the calculated difference within each pair.

NDVI: Burn NDVI: Thin NDMI: Burn NDMI: Thin
Pre-Treatment versus Post-Treatment
Season 1 Season 1 0.0618 0.0223 0.0833 0.0323
Season 2 Season 1 0.1415 0.0883 0.1474 0.0820
Season 3 Season 1 0.1267 0.0850 0.1817 0.1188
Season 4 Season 1 0.0795 0.0436 0.2512 0.1889
Season 1 Season 2 —0.0521 —0.0676 0.0163 —0.0234
Season 2 Season 2 0.0276 —0.0016 0.0804 0.0263
Season 3 Season 2 0.0129 —0.0049 0.1147 0.0631
Season 4 Season 2 —-0.0343 —0.0463 0.1842 0.1332
Season 1 Season 3 -0.0173 —0.0536 0.0040 —0.0520
Season 2 Season 3 0.0624 0.0125 0.0681 —0.0023
Season 3 Season 3 0.0477 0.0092 0.1025 0.0345
Season 4 Season 3 0.0004 —0.0322 0.1720 0.1046
Season 1 Season 4 0.0546 -0.0120 —-0.0206 —0.0896
Season 2 Season 4 0.1343 0.0541 0.0435 —0.0399
Season 3 Season 4 0.1195 0.0507 0.0779 —0.0030
Season 4 Season 4 0.0723 0.0094 0.1474 0.0671
Post Treatment versus Post Treatment
Season 2 Season 1 0.1138 0.0899 0.0670 0.0557
Season 3 Season 1 0.0791 0.0758 0.0793 0.0843
Season 4 Season 1 0.0072 0.0343 0.1039 0.1218
Season 3 Season 2 —0.0348 —-0.0141 0.0122 0.0286
Season 4 Season 2 -0.1066 —0.0557 0.0369 0.0661
Season 4 Season 3 -0.0719 —0.0416 0.0246 0.0376
Pre-Treatment versus Pre-Treatment
Season 2 Season 1 0.0797 0.0660 0.0641 0.0497
Season 3 Season 1 0.0650 0.0627 0.0984 0.0866
Season 4 Season 1 0.0177 0.0213 0.1679 0.1566
Season 3 Season 2 -0.0147 —0.0033 0.0344 0.0368
Season 4 Season 2 —-0.0620 —0.0447 0.1039 0.1069
Season 4 Season 3 —0.0472 —0.0414 0.0695 0.0701
Results different seasons as the forest phenology changed

Annual precipitation and NDVI changes

In the pre-treatment period of 17 years, 394 951 ha or
approximately 10% of the total area experienced significantly
decreasing trend in annual total precipitation in central, cen-
tral eastern, and northern parts of the state, whereas precipi-
tation remained constant across the rest of the region. In the
post-treatment period, the study region did not experience
any statistically significant trend in annual total precipita-
tion. Much of the forest restoration treatments have been
conducted in ponderosa pine vegetation cover type compris-
ing approximately 30% of the treated areas, whereas 20%
and 25% of the treatments have occurred in mixed conifer
and pinyon-juniper cover types, respectively.

Overall, thinning treatments did not significantly
reduce the mean NDVI values (Figure 2, Panel A) for any
of the four seasons (p-values >0.05 for all seasons). How-
ever, NDVI values were significantly different among

throughout the year (Table 2) as expected (Table 2). Sim-
ilarly, burning treatments did not significantly reduce
NDVI. Our results instead indicate that nearly all of the
mean NDVI values were significantly greater in the post-
treatment period (Figure 2, Panel B) in burned polygons.
In particular, NDVI values from the pre-Monsoon season
(season 1 (April-June)), fall season (season 3 (October-
November)), and winter season (season 4 (December-
March) were significantly greater compared to the pre-
treatment mean NDVI values (Table 2).

When we examined the temporal trend in pre-treat-
ment period NDVI, significantly declining trends were
observed in the northern and eastern part of the study
region, where it spatially overlapped with areas that expe-
rienced decreasing trends in precipitation in 1990-2006.
While the decreasing trends in precipitation was a signifi-
cant predictor variable associated with this pattern (p-
value <0.001), it only explained a very small portion of
the variability (R?=0.04). Among the 12,000 ha burning
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treatments, approximately 4000 ha or 33% had signifi-
cantly declining NDVI values in most seasons over the
pre-treatment period, while a very small area (~200 ha)
had a significantly increasing trend. No statistically signif-
icant temporal trend was observed in the rest of these
polygons. Among the 96 000 ha thinning treatments,
almost 50% (~46 000 ha) were already experiencing sig-
nificantly decreasing NDVI trends prior to treatment,
which largely occurred in the pre-Monsoon spring season,
while only 1700 ha showed significantly increasing NDVI
trends mostly observed in the summer Monsoon season.

When the temporal trends in post-treatment NDVI val-
ues were examined, 1,200-2552 ha or 10-20% of the
burned forests had a significantly increasing trend in
NDVI, although there was no significant trend in annual
total precipitation. Notably, ~1300 ha had significantly
increasing NDVI trend in the pre-Monsoon dry season,
whereas the largest areas with the increasing trend is
observed over the summer Monsoon season between July
1 and September 30. Only <1% of the burned areas
showed significantly decreasing post-treatment NDVI,
while the remaining areas showed no statistically signifi-
cant trend. Burning treatments resulted in larger areas of
significantly increasing NDVI compared to the thinning
treatments (p-value <0.001). In the thinned polygons,
6800-14 930 ha showed significantly increasing NDVI
trends in the post-treatment period, whereas <1% of the
thinned area had significantly decreasing NDVI trend.
Most notable significantly increasing trends were observed
in the winter, fall, and the summer Monsoon seasons,
respectively. The pre-Monsoon spring season had the
smallest area of significantly increasing trend with
6800 ha.

NDMI changes and temporal trends

Our analysis of the thinning treatments indicated that
post-treatment mean NDMI values were significantly
greater compared to the pre-treatment mean NDMI val-
ues (Figure 3, Panel A). In particular, thinned forest poly-
gons had significantly greater post-treatment NDMI
values in pre-Monsoon spring (April-June), fall season
(October-November), and winter season (December-
March) (Table 2), from which we infer that total ecosys-
tem moisture significantly increased following treatment.
Similarly, the mean NDMI values in burned polygons
were significantly greater in the post-treatment period
compared to the pre-treatment period in all four seasons,
when each season was compared individually (Figure 3,
Panel B) (Table 2).

When we examined the temporal trend in pre-treat-
ment NDMI values, significantly declining trends were
observed in areas with significantly decreasing trends in

T. Sankey et al.

annual total precipitation (R’=0.1; p-value<0.001). A
total of 1600-3150 ha or up to 30% of the burning treat-
ment areas had a significantly decreasing trend in NDMI
over the pre-treatment period (Figure 5), especially in the
pre-Monsoon spring and winter seasons (Table 3). Up to
700 ha or <7% of the burning treatment areas had a sig-
nificantly increasing trend in NDMI mostly observed in
the summer Monsoon season (Table 3). Approximately
20 100-36 600 ha within the thinning treatment polygons
were experiencing significantly decreasing pre-treatment
NDMI trend (Figure 5) particularly in the pre-Monsoon
season as well as the winter season. Approximately, 600-
2740 ha of the thinning treatment polygons or only 6%
of the total area experienced significantly increasing
NDMI trend over the same time period, most of which
was observed during the summer Monsoon season
(Table 4).

When the temporal trend in NDMI over the post-treat-
ment period was examined, much larger areas of signifi-
cantly increasing trends were observed (Figure 5). Overall,
treatment type was a significant predictor of increasing
NDMI trend: burn treatments resulted in significantly lar-
ger areas of increasing NDMI trend (p-value=0.011). In
contrast, treatment type was not a significant predictor of
the decreasing NDMI trend post-treatment (p-
value=0.09). Furthermore, vegetation type was a signifi-
cant predictor variable in NDMI trends (p-value <0.001):
ponderosa pine forests have significantly greater areas of
increasing NDMI trend following treatment compared to
other vegetation cover types. Among burning treatments,
we observed a significantly decreasing trend in NDMI in
only <1% of the areas, whereas we observed a signifi-
cantly increasing trend across 670-1900 ha (Table 3). The
thinned forest areas showed similar trends in the post-
treatment period. Over 4300-11 000 ha or almost 10% of
the thinned forests had significantly increasing NDMI
trend following treatment, the largest of which were
observed in the pre-Monsoon spring season (Table 4). In
contrast, 1,900-2700 ha of the thinned areas had signifi-
cantly decreasing NDMI trend, post-treatment, especially
in the pre-Monsoon spring season and season was a sig-
nificant predictor variable in ANOVA tests of decreasing
NDMI trends (p-value<0.001), whereas vegetation cover
type was not significant (p-value=0.136).

NDWI changes and temporal trends

When the pre-treatment period mean NDWTI values were
compared to the post-treatment period values, no signifi-
cant changes were observed in the thinned forest polygons
except for Season 2 (Figure 4, Panel A). In contrast, the
post-treatment mean NDWI values were significantly
lower in the burned forest polygons compared to the pre-
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Figure 3. Comparisons of the mean NDMI values between the pre-treatment period (1990-2006) and post-treatment period (2007-2017). In
thinned forests (Panel A), post-treatment mean NDMI values were significantly greater for all seasons, except Season 2, compared to the pre-
treatment mean NDMI values. In burned forest polygons (Panel B), post-treatment mean NDMI values were significantly greater for all seasons
compared to the pre-treatment period (p-values <0.05).

Table 3. Total areas (ha) within burning treatments with statistically significant trends observed over the pre-treatment and post-treatment time
periods for each season: a) Season 1 (April 1-June 30), b) Season 2 (July 1-September 30), c) Season 3 (October 1-November 30), and d) Season 4
(December 1-March 30). These summaries only include forest polygons that received burning treatments in 2007-2010 (total area of 11,839 ha in
101 polygons), because the Mann—Kendall tau test requires more than eight consecutive years in the time-series analysis.

Indices Season 1 Season 2 Season 3 Season 4
Decreasing trend in pre-treatment period NDMI 3151 2344 1608 3120
Increasing trend in pre-treatment period NDMI 571 580 701 51
Decreasing trend in post-treatment period NDMI 338 156 177 157
Increasing trend in post-treatment period NDMI 1900 1850 1608 670

Table 4. Total areas (ha) within burning treatments with statistically significant trends observed over the pre-treatment and post-treatment time
periods for each season: (a) Season 1 (April 1-June 30), (b) Season 2 (July 1-September 30), (c) Season 3 (October 1-November 30), and d) Season
4 (December 1-March 30). These summaries only include forest polygons that received thinning treatments in 2007-2010 (total area of 96 402 ha
in 170 polygons), because the Mann-Kendall tau test requires more than 8 consecutive years in the time-series analysis.

Indices Season 1 Season 2 Season 3 Season 4
Decreasing trend in pre-treatment period NDMI 36,590 27,418 20,113 32 677
Increasing trend in pre-treatment period NDMI 2,476 2,712 3,709 681
Decreasing trend in post-treatment period NDMI 2,727 2,044 1,994 2650
Increasing trend in post-treatment period NDMI 1,127 8,531 9,985 4303

treatment mean values in all seasons, except for Season 2
(July 1-September 30) (Figure 4, Panel B).

When we examined the temporal trend in NDWI
within the pre-treatment period, no significant temporal
trend was observed over much of the treated areas. Only

1300 ha thinned area had a significantly decreasing trend
in NDWI, whereas up to 3600 ha had a significantly
increasing trend in NDWI mostly in the spring season.
When we examined the temporal trend in NDWI post-
treatment, no statistically significant trends were observed
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Figure 4. Comparisons of the mean NDWI values between the pre-treatment period (1990-2006) and post-treatment period (2007-2017). In
thinned forests (Panel A), post-treatment mean NDWI values were not significantly different compared to the pre-treatment mean values for all
seasons, except for Season 4. In burned forests (Panel B), post-treatment mean NDWI values were significantly lower for all seasons, except for

Season 2, compared to the pre-treatment period (p-values <0.05).

in NDWI across much of the treated areas. But we
observed a significantly increasing trend in 4400 ha and a
decreasing trend in 3200 ha of the thinned areas. The size
of areas with significant trends varied among the different
seasons, although the largest hectares were consistently

observed in the spring season.

Discussion

Our synthesis included over 4,400 Landsat 5 and 8 images
on GEE. Classification and time-series analysis of such
large datasets can be challenging, given the large image
archive, large training datasets, and subsequent large com-
putational demands, time, and funding required (Nemani
et al., 2011; Gorelick et al., 2017), but GEE cloud-com-
puting platform provides solutions to these challenges
(Erickson, 2014; Gorelick et al., 2017). The computational
efficiency of GEE combined with the complete archives of
40 years of pre-processed Landsat data and the GRID-
MET surface meteorological dataset allowed the entire
workflow and data merging within the same consistent
environment. Several other studies have similarly pro-
duced Landsat-based analysis at regional and continental
scales using GEE (Azzari and Lobell, 2017; Dong et al.,
2015; Massey et al., 2018; Patel et al., 2015; Sankey et al.,
2018; Simonetti et al., 2015; Padarian et al., 2015).

We first evaluated long-term trends in annual total pre-
cipitation across our study region and observed that

much of the study region (up to 50% of the region in
some seasons) was already experiencing a significantly
decreasing trend in annual total precipitation prior to
treatments. This is consistent with other studies that
demonstrate predominantly drying trends that occurred
across much of Arizona between 1980 and 2000 (Munson
et al., 2016). We document with the Landsat image-
derived moisture indices that the forest thinning and
burning treatments have effectively targeted these areas
and, in some cases, have altered the ecosystem response
to the drying trends. While our analysis detected no sig-
nificantly decreasing trends in precipitation since 2007,
climate projection models predict increasing drought con-
ditions with warmer temperatures and lower precipitation
for the southwestern USA (Seager & Vecchi, 2010). Con-
tinued treatment activities will help reduce some of these
projected impacts. Our synthesis and results (Figure 5)
highlight where the treatment activities can continue to
provide the most benefit for drought resiliency.

Forest changes

We provide the first synthesis of 4FRI (USDA, 2013),
which spans a total area of 3.5 million ha. 4FRI’s results
and assessment of their progress and impacts are critical
for other upcoming regional forest restoration efforts
across the western USA (Allen et al., 2002; Cannon et al.,
2018; Underhill et al, 2014), who will adopt similar
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Figure 5. Spatial distribution of the pre-treatment and post-treatment trends in NDMI in the dry spring season, where significant trends in NDMI
were observed in both time periods. In some treated areas, the statistically significant trends were reversed.
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management strategies in other states. Since launching in
2007, 4FRI has treated over 1200 polygon areas within its
boundary, using a variety of thinning and burning meth-
ods.

We use NDVI as an approximate indicator of forest
canopy cover, density, biomass, greenness, and photosyn-
thetic activity, and expected NDVI to change, when thin-
ning and burning treatments were implemented across
Arizona. We document that different treatments imple-
mented have had varying effects on NDVI (Figure 3).
Importantly, thinning treatments have resulted in differ-
ent effects compared to the burning treatments and thin-
ning treatments did not significantly reduce NDVI in
each season. Previous remote sensing studies have docu-
mented significantly reduced NDVI following forest thin-
ning (Belmonte et al., 2019; Sankey et al., 2015).
Similarly, field-based and airborne observations have doc-
umented that forest thinning reduces canopy cover and
tree density per unit area (Dickinson et al., 2016), and
thus NDVI. However, our findings are not consistent with
these patterns and this might be due to two specific fac-
tors. First, the thinning treatments were implemented in
uncharacteristically dense stands that targeted the under-
story vegetation of dense, small diameter trees, rather
than large overstory trees, to address the key concerns of
wildfire risk. These forests were historically characterized
with naturally open conditions (Covington & Moore,
1994) with a tree density of 142 trees per ha (Fule et al,
2009), but now have a tree density of 677 trees per ha
due to fire exclusion and timber management (Cooper,
1960; Covington & Moore, 1994; Fule et al., 2009; Larson
& Churchill, 2012; Savage et al., 1996). When 4FR[’s thin-
ning treatments substantially reduce such high density of
small trees, there might still be a relatively high forest
canopy cover due to the remaining trees (Roccaforte
et al., 2010; Waltz et al., 2003). As a proxy of forest cover,
density, biomass, and greenness, NDVI, therefore, might
not be significantly reduced, when overstory trees are still
remaining. Second, Landsat NDVI has been commonly
documented to saturate at high tree canopy cover (Gitel-
son, 2003; Gitelson et al., 2003; Huete et al., 1997). Across
our study region, we note that pre-treatment NDVI in
the highest density forests with full canopy cover often
peaked and plateaued at NDVI value of approximately
0.7. In these dense stands, forest canopy cover can remain
high post-treatment within the 30 m pixels, despite over-
all tree density in the understory vegetation being sub-
stantially reduced. Furthermore, thinning treatment
prescriptions target reduced basal area and the targets can
be met by reducing overall tree density rather than
canopy cover (Waltz et al., 2003). When canopy cover is
not significantly reduced, despite basal area reductions,
NDVI might not be change significantly.

T. Sankey et al.

We also document that burning treatments have
resulted in significantly greater NDVI values for most sea-
sons throughout the year. This is contrary to previous
remote sensing studies that have documented significantly
lower NDVI values following forest burning (Sankey
et al., 2015) and field-based studies that commonly
demonstrate lower tree canopy cover and density post-
treatment (Fule et al., 2012; Lierop et al., 2015; Tuten
et al., 2015). We note that there is one important distinc-
tion between our study and many previous studies and
that is the time period at which our temporal analysis
focused on. Our NDVI analysis compared the temporal
mean NDVI values from the 1990-2006 period versus the
temporal mean NDVI value from the 2007-2017 period.
In addition, much of the study region experienced
drought conditions in the pre-treatment period, where
NDVI already had a significantly decreasing trend prior
to the treatments. Unlike other studies that estimated
NDVI immediately following fire or studies that com-
pared one pre-treatment year versus one post-treatment
year, we focus on the long-term mean change in NDVI.
Furthermore, many of the burning treatments also target
the understory vegetation of small trees. In locations,
where there was low-severity burning, Landsat NDVI
mean values might not change significantly, since over-
story canopy cover and biomass might not change. Simi-
lar trends have been observed after restoration treatments
in Colorado and was attributed to high residual tree den-
sity following treatments, especially compared to the his-
torical forest conditions (Cannon et al., 2018). In
addition, post-treatment NDVI might be similar to or
greater than pre-treatment mean NDVI values due to
increased understory vegetation biomass following treat-
ment. Although forest restoration treatments likely
reduced forest canopy cover, some understory vegetation
cover and biomass significantly increase in Arizona and
ponderosa pine forests following fire due to increased
growth and influx of seedlings of both native and invasive
species (Dore et al., 2012; McGlone et al., 2009; Vose &
White, 1991). Such patterns likely contributed to the
NDVI trends observed in our study, since the 30 m pixels
of Landsat data are often mixed pixels consisting of both
tree canopies and understory vegetation.

Treatment Effects on Forest Resiliency

We emphasize that many of the thinned and burned for-
est areas showed significantly decreasing trend in NDVI
despite high canopy cover, density, and biomass prior to
the treatments indicating low overall vigor, greenness, and
photosynthetic activity. As discussed earlier, some of the
significantly decreasing NDVI values occurred in areas

that experienced drought conditions over the pre-
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treatment period especially in the pre-Monsoon spring
season, the driest period in the region. More importantly,
the predominantly decreasing trend in NDVI prior to
treatment likely represent the overall health and the dete-
riorating conditions of the high-density forests. Our
results indicate that treatments have either stabilized the
declining NDVI trend or in some cases, especially with
burning treatments, have reversed the declining NDVI
trend. We document that areas that received controlled
burning treatment have significantly greater NDVI post-
treatment with greater vigor, greenness, and phohosyn-
thetic activity. This is particularly encouraging, given that
millions of forests across the southwestern USA are con-
sidered to be no longer healthy and vulnerable to catas-
trophic wildfire and insect outbreaks (Allen et al., 2002;
Covington et al., 1997), and are slated for restoration
treatments. The stable or the reversed trends in NDVI
values post-treatment likely indicate that forest treatments
have helped restore the vigor and natural fire behavior of
low-severity burns as observed in numerous field-based
studies (Fule et al., 2012; Waltz et al,, 2014). Although
not evident in NDVI values, thinning treatments and the
resulting lower tree density likely also made the forests
less vulnerable to insect-caused mortality, because high
tree density is a primary factor associated with tree mor-
tality caused by insects such as the bark beetle in Arizona
(Negron et al., 2009). Continued management in treated
areas can sustain the desired conditions in the coming
decades through fire and timber management that is dif-
ferent than the policies implemented in the last century
(Cooper, 1960; Larson & Churchill, 2012; Savage et al.,
1996).

Measuring and quantifying ecosystem resiliency can be
ambiguous and difficult, especially as shifts in climate
occur (Coté & Darling, 2010; Holling, 1973; Ponce-Cam-
pos et al., 2013). Here we explicitly examined long-term
trends in NDMI and NDWI, as broad representations of
total ecosystem moisture availability including forest
canopy water content or the total amount of water in the
tree canopy foliage and soil (Chen et al., 2005; Jackson
et al., 2004). We broadly interpret trends in these indices
as potential indicators of forest canopy moisture status
and water stress (Hunt et al, 2012; Wang et al., 2013).
We, therefore, infer changes in ecosystem moisture and
resiliency to drought, when these indices significantly
change. Previous literature have documented that forest
evapotranspiration and canopy interception of snow can
collectively reduce the total ecosystem water budget (Bar-
nes et al., 2016; Gray et al, 2002; Simonin et al., 2007;
Zhang et al., 2001). Consequently, forest stands with high
canopy cover and density would likely be more water-
stressed due to high evapotranspiration and the reduced
ecosystem water budget, especially in dry time periods as

Regional-Scale Forest Restoration Effects on Ecosystem Resiliency to Drought

the available soil moisture is more readily transpired in
and near denser stands (Gray et al.,, 2002). Forest thin-
ning and burning would be expected to reduce such water
stress by reducing tree density and subsequent evapotran-
spiration and snow interception. Taken together, these
trends would lead to healthier forest ecosystems that are
less vulnerable and more resilient towards climate-in-
duced stresses including drought.

Our results of NDMI and NDWI trends indicate that
forest restoration treatments have significantly altered the
total ecosystem moisture status and have benefitted the
water-stressed forests. For example, forest treatments have
significantly increased NDMI (Figure 3). In particular, we
emphasize that post-treatment mean NDMI values are
significantly greater than pre-treatment values in the pre-
Monsoon spring season, when forests in Arizona are espe-
cially dry and vulnerable to water stress and potential
wildfire. During the winter period and extending into the
warmer spring, Arizona forests predominantly use soil
moisture originating from the snow as their main source
of water (Kerhoulas et al., 2013). Our results highlight
not only the importance of compounded seasonal mois-
ture variability on long-term resiliency, but also corrobo-
rate the effects of using forest treatment as a method for
contributing towards soil water accumulation (Feeney
et al., 1998; McDowell et al., 2006; Skov et al., 2004). Our
combined trends in all three indices, NDVI, NDMI, and
NDWI, demonstrate that the forest restoration activities
have resulted in significant changes in forest health and
trends in forest condition. From these results, we infer
that the restoration treatments have contributed toward
improved forest resiliency to drought (Figure 5). While
4FRD’s impacts have spatially varied across the region, our
results in the NDMI trends illustrate where the greatest
potential benefits are observed. These results have impor-
tant implications for the continued forest restoration
activities across the southwestern USA in the coming dec-
ades.

Scope and Limitations

Our synthesis demonstrates where forest restoration treat-
ments have been conducted and how the treatments have
impacted long-term vegetation index and moisture index
trends post-treatment. Forest managers in similarly arid
and semi-arid regions around the world can consider if
our results can inform their forest restoration plans and
strategies. Specifically, forested areas that are experiencing
significantly drying trends might consider our results in
efforts to slow down or potentially reverse the trends. The
applicability of our methods in such scenarios and forest
restoration monitoring are especially practical, given that
all of our analysis was performed on GEE with the freely

© 2020 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London 13



Regional-Scale Forest Restoration Effects on Ecosystem Resiliency to Drought

available algorithms and datasets covering the entire
world.

We note that our results indicate that most of the forest
restoration treatments in Arizona have been conducted in
ponderosa pine, mixed conifer, and pinyon-juniper vege-
tation cover types. Therefore, many of our results in vege-
tation index and moisture index trends post-treatment
might be limited to similar forest cover types in arid and
semi-arid regions. Deciduous forests and ecosystems with
many canopy layers, for example, might respond to similar
restoration treatments differently, although long-term,
post-treatment effects in such systems can still be similarly
monitored on GEE using our methods.

Conclusion

Since 4FRI is the first large effort in the US history to
focus on regional forest restoration, many important les-
sons can be learned and transferred to other states, who
will similarly launch their restoration initiatives. Google
Earth Engine cloud-computing platform enabled our syn-
thesis of the spatial patterns and the long-term trends in
NDMI, NDWI, NDVI, and annual total precipitation
since 1990. We provide the first comprehensive assess-
ment of the treatments and document where and how the
treatments have been effective. Importantly, we demon-
strate that some treatments have reduced forest vulnera-
bility to drought conditions, and likely to wildfire risks
and insect outbreaks, although treatment effects have spa-
tially varied across the large region. Increasing analytical
and computational capacities within Google Earth Engine
will further enhance our continued monitoring of regio-
nal natural resource management.
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