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Abstract

Monitoring and quantifying changes in vegetation cover over large areas using remote sensing can
be achieved using the Normalized Difference Vegetation Index (NDVI), an indicator of greenness.
However, distinguishing gradual shifts in NDVI (e.g., climate related-changes) versus direct and
rapid changes (e.g., fire, land development) is challenging as changes can be confounded by time-
dependent patterns, and variation associated with climatic factors. In the present study, we
leveraged a method that we previously developed for a pilot study to address these confounding
factors by evaluating NDVI change using autoregression techniques that compare results from
univariate (NDVI vs. time) and multivariate analyses (NDVI1 vs. time and climatic factors) for
7,660,636 1 km x 1 km pixels comprising the 48 contiguous states of the USA, over a 25-year

Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative
Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).

"Correspondence: nash.maliha@epa.gov; Tel.: +1-(702)-798-2602.

Author Contributions: Contribution by all authors was significant and complimentary. T.W. acquired the NDVI data; M.N. designed
the study, processed the data and performed the analyses; and J.W., J.C. and M.N. wrote and edited the paper.

Supplementary Materials: The following are available online at www.mdpi.com/2072-4292/9/3/295/s1, Table S1: Statistical
summary for the trend values per outcome. Outcomes A and C denote changes due to direct factors, Outcome B denotes changes due
to climatic factors, and Outcome D denotes no change in greenness. S denotes significant, u denotes univariate, m denotes
multivariate, n denotes not. Percent (%) is the proportion of outcomes as described in Table 3. Table S2: Trend value, trend direction
and the significant p-value for the climatic factors from the univariate autoregression (Equation (1)). The last two rows present NDVI
trend, direction and p-value from univariate, and multivariate models. Figure S1: Land cover for the conterminous US. Data from
National Land Cover Database (Fry et al., 2011). Figure S2: Observed and predicted values for NDVI for one pixel in the Yellowstone
Fire (pixel A in Figure 6). The blue line is the observed values (/7= 300). The red line is the predicted values from the multivariate
autoregression model and the green line represent the structural part of the multivariate autoregression model (see explanation for
Equation (4)). NDVI trend with time (6 = —0.0604) is significant (v < 0.0001). Figure S3: Observed and predicted values for NDVI
for one pixel in the Yellowstone Fire (pixel B in Figure 6). The blue line is the observed values (n7=300). The red line is the predicted
values from the multivariate autoregression model and the green line represent the structural part of the multivariate autoregression
model (see explanation for Equation (4)). NDVI trend with time (86 = 0.0623) is significant (o= 0.0002). Figure S4: Observed and
predicted values for NDVI for one pixel within outcome B (see Figure 8). The blue line is the observed values (7= 300). The red line
is the predicted values from the univariate autoregression model and the green line represent the coefficient of time of the univariate
autoregression model (see explanation for Equation (1)). NDVI trend with time (61 = 0.0276) is significant (p < 0.0001). Figure S5:
Observed and predicted values for NDVI for one pixel within outcome B (see Figure 8). The blue line is the observed values (7= 300).
The red line is the predicted values from the multivariate autoregression model and the green line represent the coefficient of time of
the multivariate autoregression model (see explanation for Equation (4)). NDVI trend with time (86 = 0.0281) is not significant (o=
0.0663).

Conflicts of Interest: The authors declare no conflict of interest.


http://creativecommons.org/licenses/by/4.0/
http://www.mdpi.com/2072-4292/9/3/295/s1

1duosnuel Joyiny vd3 1duosnuep Joyiny vd3

1duosnue Joyiny vd3

Nash et al.

Page 2

period (1989-2013). NDVI changed significantly for 48% of the nation over the 25-year period in
the univariate analyses where most significant trends (85%) indicated an increase in greenness
over time. By including climatic factors in the multivariate analyses of NDVI over time, the
detection of significant NDV1 trends increased to 53% (an increase of 5%). Comparisons of
univariate and multivariate analyses for each pixel showed that less than 4% of the pixels had a
significant NDVI trend attributable to gradual climatic changes while the remainder of pixels with
a significant NDVI trend indicated that changes were due to direct factors. While most NDVI
changes were attributable to direct factors like wildfires, drought or flooding of agriculture, and
tree mortality associated with insect infestation, these conditions may be indirectly influenced by
changes in climatic factors.
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1.

Introduction

Remote sensing data have been used by numerous researchers to monitor and quantify
changes in vegetation cover over large areas for long-term time frames [1-8]. Vegetation
change maps can inform environmental decision-makers of widespread general trends and
can identify specific areas where land conditions are degrading or improving. The
Normalized Difference Vegetation Index (NDVI), derived from the Advanced Very High
Resolution Radiometer (AVHRR) satellite data, is a widely used indicator to evaluate
vegetative condition over time [9-11], and is often referred to as an index of greenness.
Changes in vegetation can be detected and quantified using NDVI in combination with
historical data and expert knowledge, and this approach has been applied in a number of
areas with diverse land cover, including: Oregon, USA [5,12], Europe [13], Morocco [14],
the African Sahel [15,16], and globally [17]. NDVI has been used to identify gradual
changes over decades [18,19], as well as more direct and rapid changes such as those caused
by fire, agriculture, land clearing, and habitat restoration [20-22].

Distinguishing gradual shifts in NDVI (e.g., climate-related changes) versus direct and rapid
changes (e.g., fire, land development) is challenging as changes can be confounded by
variation associated with climatic factors and by time-dependent patterns. Climatic factors
such as precipitation and temperature often strongly influence vegetation physiology and
phenology and hence greenness [23,24]. NDVI has been shown to be related to climatic
factors, particularly precipitation (e.g., [25-29]). Climatic factors may show a general
pattern of change over time [30], and thus may account for a trend in NDVI in some areas.
Moreover, to detect change in vegetation cover, it is also important to account for time-
dependent patterns in NDVI, which are typically pronounced [5,29,31]. There have been
several recent studies of the relationship between AVHRR NDVI trends and some climatic
factors ([32-50]; Table 1). A few patterns emerge from examination of these studies: (1) past
studies rely on global datasets with coarse spatial resolution (8 km resolution) [51]; (2) the
majority of studies focus on the relationship between AVHRR NDVI and precipitation, with
some studies relating AVHRR NDVI and temperature, and very few including other climatic
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factors; and (3) autoregressive techniques that control for serial correlation in the time series
data are generally not included. In a few studies, the Durbin—-Watson (DW) statistic was
evaluated to test for the presence of serial correlation (e.g., [52]) and the non-parametric
Mann-Kendall test was used to test for the existence of a monotonic trend, but controlling
for the effects of serial correlation in detection of trends between AVHRR NDVI and time or
climatic factors has not been a common practice.

This study addresses the gaps in past NDVI analyses, investigating long-term changes in
AVHRR NDVI across the continental Unites States (CONUS) at a 1-km resolution,
including multiple climatic factors in the analysis and accounting for serial autocorrelation.
Unlike previous studies, the use of this statistical approach improves our ability to identify
significant changes of NDVI (greenness) with time. Even more importantly, we identify
trends in NDVI combining novel univariate (NDVI = time) and multivariate (NDVI = time +
climatic factors) autoregressive models. These combined models allow us to differentiate
between NDVI changes related to specific climatic factors and non-climatic factors across
the CONUS. Comparison of the behaviors (i.e., significance) of individual pixels in the two
models can be used to identify whether trends can be attributable to direct (land cover
change, pest infestation, fire) or indirect factors. This work builds on a previous study in
which these methods (per-pixel comparison of univariate and multivariate autoregressive
model results) were tested using AVHRR NDVI time series data for the state of New
Mexico, USA [8]. The objective of the current research is to extend the analyses in [8] to the
entire continental U.S. Extension to the entire continental United States is worthwhile
because changes related to both direct and indirect factors are not spatially stationary [53—
55], and it is therefore unlikely that the spatial pattern of NDVI trends can be extrapolated
from a small region [8] to the entirety of the continental United States. Additionally, our
approach was developed with the intent of being more broadly applicable, regardless of land
cover type.

2. Materials and Methods

2.1. Data

We used the 1 km x 1 km AVHRR NDVI produced by the U.S. Geological Survey Earth
Resource Observation and Science (EROS) Center as our 25-year NDVI time series (1989—
2013). The AVHRR 1 km x 1 km local area coverage (LAC) dataset is fully described by
[56]. Similar to the commonly used global datasets (see Table 2 in [51]), pre-processing of
the 1 km x 1 km AVHRR NDVI data include radiometric calibration and atmospheric
correction to reduce or remove effects related to ozone, water vapor absorption and Rayleigh
scattering. These data are based on the native, at-nadir 1 km x 1 km spatial resolution of the
AVHRR sensor, rather than the on-board resampled 4 km x 4 km spatial resolution data on
which the global AVHRR NDVI datasets are based, which likely reduces cloud
contamination relative to the 4 km x 4 km data [56]. The 1 km x 1 km AVHRR NDVI data
are biweekly maximum values composites [57] obtained from the daily overpasses, and the
Clouds from AVHRR-Phase 1 (CLAVR-1) algorithm [58] is used to further reduce the
effects of cloud contamination. Image-to-image registration is used to preserve the
geometric integrity of the time series. Our dataset included 300 (12 months x 25 years; from
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January 1989-December 2013) NDVI observations per pixel. Description of the AVHRR
LAC data is provided in the Supplementary Materials.

The main climatic parameters for the continental U.S. analyses are derived from the 4 km x
4 km Parameter-elevation Regressions on Independent Slopes Model [59] which incorporate
field-based climate data with regressed interpolations. The 4 km x 4 km PRISM pixels were
gridded into 1 km x 1 km using inverse distance weighting to match the spatial resolution of
the AVHRR data (see [60]). The climatic factors provided by the PRISM data included
monthly averages of minimum and maximum temperature, precipitation, and dew point
temperature (more description of the Climatic factors data is provided in the Supplementary
Materials). Previous research has shown that greenness is strongly associated with
temperature and precipitation [10,11]. In addition, we derived an additional climatic
parameter from the PRISM data, which was a one-month lag in precipitation data.

2.2. Statistical Methods

We conducted two types of analyses for each of the 7,660,636 1 km x 1 km pixels in the
continental U.S. First, we conducted univariate autoregression of NDVI versus time to
quantify the temporal trend (slope) for NDVI, and for each of the climatic parameters (e.g.,
precipitation versus time). The trend direction for each significant pixel was then mapped to
identify geographic patterns of significance and trend direction. Second, we conducted a
multivariate autoregression of NDVI versus time and climatic parameters to reveal the
combined effects and relative contributions of climatic factors to significant NDVI trends.
Time series regression (autoregression) was used in both analyses because errors in temporal
data may be serially dependent, and if dependency exists, the standard error of the estimate
(e.g., slope) would be inflated. Our autoregressive error model included a backstep function
with up to 30 lags to account for serial dependence in errors. Autocorrelation function
(ACF) and partial autocorrelation function for residuals were checked for no significant
correlation.

2.1.1. Univariate Autoregression—This analysis addressed trends in NDVI and the
individual climatic factors over the 25-year period. For each 1 km x 1 km pixel, the
autoregression model (Proc Autoreg; SAS/ETS, 1999) with stepwise selection for the
significant autoregressive error was fitted to the observed values to define the direction and
p-value for the slope as:

Y, =0y+0,Time+ut (1)
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where T°is one of the individual time series variables: monthly NDVI, monthly precipitation,
maximum, minimum temperature, and monthly dew point temperature (7= 300 months).
The fitted autoregression model for the observed variable ( 77 is the structural part, which is
the same as that of an ordinary least square regression model (OLS; &, + 6, 7Time), and the
autoregressive error (uy). Coefficients 6y, and 6, are the intercept and the slope with time,
respectively. The time series error term, u; may be autocorrelated. The autoregressive error

k
model (Equation (2)) will account for such autocorrelation where the term Zpi/,tt_l- is the
i

summation of the significant autoregressive parameter (o) times lagged error(s), and & is the
order of significant lags in the model. The error term, &, from the autoregressive error model
is normally and independently distributed with mean of zero and variance o (Equation (3)).
The slope (6;) quantifies the rate and direction of change for each variable over 25 years.
We used a significance level of p < 0.05 to test whether the slope differed from zero.

2.2.2. Multivariate Autoregression—The multivariate model for each pixel was:

NDVI, = By+ P, + pyP,_ | + p3Tmin, + ,Tmax, + fsDP, + p;Time, + u, (4)

e~IN(0,5%)  (6)

where P;is precipitation at month £ A_4 is precipitation for previous month (i.e., one-month
lag precipitation), 7minis minimum temperature, 7/maxis maximum temperature, DPis
dew point temperature, and e is the error term. The right side of Equation (4) includes the
autoregression error () and the structure term (the remainder of the model), and by
summing both these terms yields the predicted value. The estimates (5;’s) for each factor
quantify the magnitude and direction of the relationship between NDVI and each factor over
the 25-year period. The coefficient of Time (Sg) is the temporal trend of NDVI after
accounting for climatic factors. We chose blocks of pixels that had either significant increase
or decrease (0 < 0.05) in greenness to aid interpretation of our results by drawing on
available literature, consultation with local experts, and Google Earth™.
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We considered that potential collinearity among climatic factors may confound the results.
However, our primary interest is the significance of the coefficient for the time variable (i.e.,
NDVI trend). If time is not correlated with any of the climatic factors, the time coefficient
variance will not be affected by the collinearity among the climatic factors [61]. From a
random sample of 2500 pixels, the correlation between time and each climatic factor was
low (Irl £0.32, r2 < 0.10). Consequently, we kept all predictors in Equation (4). In all
analyses, we used the 8 bites NDVI values., Only for the temporal NDVI1 figures,
transformed NDVI values (NDV1/255) were displayed.

2.2.3. Comparison of Univariate and Multivariate Models—Because climatic
factors were included in the multivariate analysis but omitted in the univariate analysis, a
comparison of the results of the univariate and multivariate analyses for each pixel was used
to determine if a significant NDVI trend was associated with either indirect factors (climatic
factors, and hence, climate change) or direct factors (e.g., fire, agriculture, land cover
change). We evaluated four possible outcomes for the significance of NDVI trend in the two
analyses. A significant NDVI trend is indicated by a significant time coefficient, i.e., &; in
the univariate analysis (Equation (1)) and Bg in the multivariate analysis (Equation (4)). The
four possible outcomes were:

A NDVI trend was significant in both the univariate and multivariate analyses.
NDVI significance apparently resulted from direct factors such as wildfire or
agriculture, because the trend was significant regardless of whether climatic
factors were included in the analysis.

B. NDVI trend was significant in the univariate analysis, but not in the multivariate
analysis. This is consistent with a change in the climatic factors as the cause of
the significant NDVI trend.

C. NDVI trend was not significant in the univariate analysis, but was significant in
the multivariate analysis. A significant trend in the multivariate analysis would
suggest that the change is presumably due to direct factors. However, the trend in
the univariate analysis might not be significant because the variation in NDVI
associated indirectly with variation in climatic factors was masked by the
influence of direct factors on NDVI.

D. NDVI trend was not significant in either the univariate or the multivariate
analyses. This would suggest that there is no evidence for a temporal trend in
NDVI.

3. Results of Univariate and Multivariate Models

3.1.

Univariate Autoregression Results

NDVI changed significantly for approximately one-half of the nation over the 25-year period
(1989-2013) in the univariate analyses (Figure 1A; Table 2). The direction of the trend was
predominantly positive, 85% of the total significant change was an increase in NDVI (Table
2). This dominant increase in NDVI is occurring across diverse land cover, possible
disturbance, practices, and others that we do not have enough information to verify the cause
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on that scale. Areas with significant greenness increase were concentrated on the pacific
coast and southeastern states of the U.S. Areas of significant decrease in greenness were
concentrated in the northern and central Rocky Mountains, and west of the Great Lakes.

The proportion of the continental United States with significant changes in monthly climatic
parameters ranged from ~12% (precipitation) to ~40% (minimum temperature) (Table 2).
Geographic patterns of change differed among the three temperature variables (Figure 2A—
C). Significant increases in maximum temperature were concentrated in Texas, Louisiana,
and New England (Figure 2A), whereas significant increases in minimum temperature were
widespread throughout the continental United States (Figure 2B). Significant decreases in
both maximum and minimum temperature were scattered as small clusters throughout the
continental United States. Significant increases and decreases in dew point temperature
exhibited a geographic dichotomy with increases in the eastern two-thirds of the continental
United States and decreases concentrated in the west (Figure 2C). Significant increases in
precipitation were concentrated in the northeast and significant decreases were concentrated
along the Red River separating Oklahoma and Texas (Figure 2D).

There was not a strong; visual correspondence between locations with significant changes in
NDVI and significant changes in the climatic factors. For example, the widespread
significant increases in NDVI in the southeastern quadrant of the continental U.S. (Missouri
to Florida) (Figure 1A) is accompanied by a much patchier pattern of significant change
(increase or decrease) among the climatic factors (Figure 2).

3.2. Association between the NDVI and Climatic Factors in Multivariate Analyses

3.3.

NDVI was significantly related to one or more climatic factors in the multivariate
autoregression for much of the contiguous 48 states (Figure 3). NDVI was predominantly
positively associated with four of the five climatic factors. Particularly frequent positive and
significant associations were for dew point temperature (53% of pixels) and 1-month lag
precipitation (47% of pixels), with <4% of pixels showing significant negative associations
for these two factors. Monthly maximum temperature and precipitation also showed
predominantly positive associations with the NDVI, with 39% and 19% of pixels showing
significant positive associations, respectively. In contrast to these positive associations,
NDVI was negatively associated with minimum temperature (36% of the pixels). The spatial
distribution of these significant positive and negative associations between NDVI and the
climatic factors are clustered in different patterns across the nation. Precipitation influenced
the NDVI proportionally in the central part of the nation arid it doubled with the past month
(i.e., one-month Lag precipitation, A-1 in Equation (4)) of precipitation.

NDVI Trend in Multivariate Analyses

When climatic factors were included in the multivariate autoregression model, the extent of
area with significant NDVI change over the 25-year period increased. NDVI changed
significantly for 53% of the pixels in the multivariate autoregression (Table 3; Figure 1B),
whereas it changed significantly in only 48% of the pixels in the univariate autoregression
(Table 2; Figure 1A). The predominant direction of change in the multivariate autoregression
was an increase in NDVI (Figure 1B).
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Comparison of NDVI trends between the univariate and multivariate analyses suggests that
direct factors were the predominant cause of NDVI change rather than the selected climatic
factors (Table 3). The spatial distribution of the four outcomes linking changes in NDVI to
that of climatic or direct factor is presented in Figure 4. Outcome A was the most frequent
(45%), i.e., there was a significant trend in the NDVI in both analyses and, in this case, all
pixels had a trend direction that was the same for both the univariate and multivariate
analyses. NDVI significance apparently resulted from factors other than climate, such as
direct factors like wildfire, because the trend was significant regardless of whether climatic
factors were included in the analysis. A total of 53% (Outcomes A (45%) and C (8%)) of all
the pixels were significant for NDVI trend in the multivariate analysis, reflects the influence
of the direct factors on NDVI rather than the selected climatic factors. Nearly 4% of the
pixels showed climatic factors as the cause of the significant NDVI trend (Outcome B (the
trend was significant in the univariate analysis, but not in the multivariate analysis due to
inclusion of climatic factors in the multivariate model)), and these pixels tended to cover
diverse forested and agricultural land cover (Figure 4). For example, areas with significant
increases in NDVI due to climate (Figure 4) extended from eastern Nebraska through Ohio,
which is cropland agriculture, and from Pennsylvania through Maine, which is
predominantly forested (Figure S1).

4. Discussion

Including climatic factors in the multivariate analysis of the NDVI over time increased the
percentage of pixels with a significant NDVI trend from 48% (univariate analyses) to 53%
(multivariate analyses). Comparisons univariate and multivariate analyses, significant NDVI
trends associated with direct factors could be distinguished from other factors. The
comparison revealed that NDVI changes were predominantly related to factors other than the
climate. Pixels with a significant NDVI trend in either the univariate or multivariate analyses
were predominantly related to direct factors as the likely cause of the NDVI trend. Since
only 4% at these pixels were in outcome B. Considering the significant changes, the average
slope value for Outcome B was less than that of Outcome A but a little higher than that of
Outcome C, and the interquartile range (IQR), and the maximum of the trend values for both
Outcomes A and Cwere higher than that of outcome 13 (Table S1).

That only a small fraction of the 48 contiguous states had a significant NDVI trend
associated with climate change was unanticipated given that several climatic factors have
changed significantly during the 25-year study period, and that NDVI was significantly
related to these factors in the multivariate autoregression model for much of the area. This
small fraction may be due to our distinction between specific climatic and direct factors in
the model comparisons. Localized factors such as pest infestations, disease, drought,
flooding or shift in agriculture can be in part attributable to climate change [62], but were
not included as explicit factors in the multivariate model.

The spatial distribution of the four outcomes linking changes in NDV1 to that of climatic or
direct factors is presented in Figure 4. The large spatial extent of NDVI change throughout
much of the United States that is not related to the climate suggests there are many

mechanisms through which vegetation greenness has changed during the 25 years included
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in the study. More research and study is needed to better understand the broad patterns in
NDVI change found in this study. The specific cause for NDVI change in a given area can
only be ascertained with detailed knowledge of land cover change in the area, and
unfortunately, such data are not readily available for most areas and we will not attempt to
explain all the significant changes in NDVI. However, evaluating several areas with some
local information provides some understanding for the patterns of the NDVI change specific
to those areas.

NDVI in the multivariate autoregression analyses was significantly related to each of the
climatic factors analyzed for large fractions of the 48 contiguous states. Thus, given that
much of the variation in the NDVI could be accounted for by variation in climatic factors, it
is not surprising that a significant NDV1 trend was detected at a greater frequency for the
multivariate analyses that included climatic factors in comparison to the univariate analyses
that excluded them. NDVI was most frequently and positively associated with monthly dew
point temperature (53%) followed by previous monthly precipitation (47%). The higher
response to previous monthly precipitation than that of the present month was also observed
in New Mexico [8] and it is consistent with previous research [63] that found that green-up
of grasses occurs several weeks after precipitation. Some of the relationships between NDVI
and precipitation and temperature reported here have been observed in other studies [10,64]
related to vegetation cover type and spatial locations. The positive association with
maximum temperature seems reasonable because warmer temperatures can increase
vegetation growth [63,65]. The positive association between the NDVI and maximum
temperature presumably reflects the predominant effect of maximum temperature on the
NDVI throughout the year, as warmer than average temperatures during summer months
would be expected to reduce the NDVI [66]. A strong negative relationship between NDVI
and increasing minimum temperature was also observed by [10,67] and found that this
relationship is dependent on spatial location, precipitation and growing season. \Vegetation
response to climatic factors is constrained by geographical location, soil characteristics (e.qg.,
moisture, nutrients, and ground water level), and other factors [68—70]. For example, forest
response to warming temperatures is a function of geographic factors (latitude, altitude,
aspect, and soil) at a given location [71-73].

5. Evaluation of Selected Areas for Cause of NDVI Change

Below, we explore examples of significant change in the NDVI where sufficient information
was available to infer the likely cause for the change. The specific examples include
significant NDVI changes related to changes due to flooding, fire, and pest infestation.
These examples identify areas of dramatic change and rely on information gained from
previous in-depth studies and available aerial imagery over the 25-year period that indicates
change. One example is given in which significant NDVI change was detected but was
attributable to climatic factors instead of a visible direct factor. These examples are not
meant to be exhaustive, nor will they explain all NDVI shifts but illustrate the potential use
if this autoregressive technique to identify NDVI change and potential links to climatic and
direct factors.
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Flooding of Agricultural Areas

In the agricultural portions of this region, agricultural practices have generally shifted during
the observed time period away from diverse crops and grassland towards corn/soybean
rotations [74]. Such shifts in agricultural practices might influence local NDVI responses but
the varied responses and drivers make it difficult to identify specific direct causes, especially
as these changes are difficult to document or verify with current publicly available imagery.
In localized areas where drainage is less prevalent or where drainage is concentrated, more
dramatic multi-year changes in flooding on the agriculture landscape can be documented via
imagery and might result in decreases in NDVI. NDVI values decrease in areas where
agricultural production is stressed or removed due to drought [53,75] or flooding [76-78].
We looked specifically at the agricultural region near Devils Lake, ND where the model
indicated direct changes were responsible for changing NDVI (Outcome A) (Figure 5A).
The climate of North Dakota and the greater Prairie Pothole Region has strong multi-decadal
wet—dry cycles [79]. During the period of 1989-2013, the area shifted from a moderate
drought (1988-1992) to a wet period (1993—present) [79,80]. During the drought, lake water
levels and lake extent were reduced [81,82] and neighboring lands, and even lake beds, were
used for pasture and row crop agriculture. Torrential summer rains in 1993 ushered in the
present wet period causing lake levels and lake extents to increase and expand into
surrounding fields and grasslands over the; next two decades. By 2011, depressional areas
under cultivation and multiple lakes (including Devils Lake, Pelican Lake and Irvine Lake)
were all inundated and converged into one large waterbody, increasing the extent of surface
water over 400% from 1990 to 2011 [82]. We examined historical aerial imagery around
Pelican and Irvine Lake from 1990 to the present for a few representative pixels with
significant declines in NDVI (Figure 5). Google Earth™ images show cultivated areas
present in 1990 (Figure 5B). In 1997, the pixel at Pelican Lake is inundated while the
northern pixels are beginning to wet (Figure 5C). Flooding continues through 2003 (Figure
5D), where all chosen pixels were submerged and show open water by 2013 (Figure 5E).
Highest NDVI values were observed around 1993 followed by a gradual decrease of NDVI
values (Figure 5F). Vegetation under water stress and turbid open waters typically return a
lower NDVI value than those of healthy crops [83].

Fires and Post Fire Greenness Gains

Timing of a fire event and variability in post fire recovery influence the direction of the
trend. The effects of fire can produce either a positive or negative NDVI trend depending on
when the fire occurred within the time period examined (Figure 6) [8]. In this study, we
present an example in Yellowstone National Park where afire occurred in June 1988. The
severity of the fire varied spatially [84,85]. Sixty-one percent of the fire affected the forest
canopy (crown fire), while 34% occurred as a ground fire [84]. A large fraction of the pixels
within and outside Yellowstone National Park experienced a significant decline in the NDVI
during the study period except for cluster of significant increase at the western border of the
park (Figure 6). All pixels with a significant change (increase and decrease) in NDVI belong
to Outcome C (univariate = significant; multivariate = significant), suggesting that change
was attributable to direct factors (Figure 4). The pattern of significantly decreasing NDVI is
consistent with vegetation loss as a result of the 1988 fire just prior the onset of the NDVI
period reported here (1989-2013) followed by a reduced NDVI for many years due to
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limited vegetation recovery, as represented by the pixel located at A in Figure 6 (see Figure
S2). Pixel A is located in higher elevation where the influence of soil moisture and
temperature on vegetation is more than on B. Additionally, trees with canopy fires become
more susceptible to insect infestation from infested nearby trees [86]. In contrast, vegetation
recovery has occurred since the 1988 fire in the block of pixels with significantly increasing
NDVI at the western edge of the park boundary, as represented by the pixel located at B in
Figure 6 (see Figure S3).

5.3. Tree Mortality Due to Insect Infestation

Many forested areas in the USA have suffered substantial tree mortality and defoliation from
pest infestations and diseases [18,88-90] which have been particularly severe in Colorado
[91]. The occurrence of tree mortality is largely coincident with decreases in NDVI (Figure
7). All pixels with significantly changing NDVI in Figure 7 are attributable to direct: factors
though direct factors like insect infestations can be influenced by changes in climate factors.
Precipitation for consecutive years was below normal in the infested area [91]. The
association of insects with hosts is dependent on climatic factors and varies with the
geographical location [91,92] and insect infestation increased due to reduced resistance in
drought-stressed trees. In this area, precipitation with no significant change while minimum
temperature increased significantly during the study period in the mortality area. An increase
of the minimum temperature reduces the likelihood of extreme low temperatures which
would set back pest infestations [86]. Dew point temperature also decreased significantly in
parts of the infested areas.

5.4. Change Attributable to Climate

Unlike the examples shown for change attributable to direct factors, for pixels in outcome B,
we would not expect to find land cover changes that would be visibly discernible in maps
and aerial photography. We provide one example (Figure 8) from a location in central West
Virginia for which there was aerial imagery from 1996 to 2013. For this location, there was
no apparent change in land cover or vegetation vigor between 1996 and 2013 even though
there was a significantly increasing trend in NDVI. The comparison between time
coefficients from univariate and multivariate models are presented in Figures S4 and S4. The
trend value and its significant p value for the climatic factors and NDVI are given is Table
S2. From the multivariate autoregression model, NDV1 associated positively and
significantly with dew point temperature (coefficient = +2.6152, p < 0.0001) and responded
negatively and significantly to minimum temperature (coefficient = -1.8981, p = 0.0025).
Responses of NDVI were not significant with maximum temperature, precipitation and one-
month lag precipitation.

5.5. Comparison with Previous Studies

It is possible to compare our results with two studies [36,49] listed in Table 1. Comparison
with the others is not possible because of locational mismatches or lack of quantification of
long-term NDVI trends over broad geographic extents. Using the 4-km GVIx AVHRR data
for the period 1982-2007, [49] found significantly decreasing NDVI trends in shrublands
and significantly increasing trends in grasslands across the Great Plains and western United
States. Using the 8-km GIMMS AVHRR data from 1981 through 2007, [36] found extensive
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areas of significantly decreasing NDVI along the USA-Mexico border (central Texas to
California) that extended north along the California coast to San Francisco, and areas of
significantly increasing NDVI in a “sea” of non-significant NDVI changes throughout the
semi-arid western United States. These results [36,49] are not fully consistent with the
results reported here. For our univariate and multivariate results, we found a distinct
concentration of significantly decreasing NDV1 in the forested (i.e., higher elevations)
portion of the Rocky Mountains and isolated areas of both significantly increasing and
decreasing NDVI in the more arid lower elevations of the western United States in which the
areas of significantly decreasing NDVI tended to be smaller and more isolated than the areas
of significantly increasing NDV | (Figure 3). Although speculative, the differences between
our results and those of [36,49] are probably attributable to differences in the resolution of
the AVHRR NDVI data sets used, differences in the time period examined, and differences
in the statistical methods used to quantify NDVI trends. Our results appear to be finer
grained (i.e., patchy) and we suspect that this is attributable to the higher resolution of the
AVHRR NDVI data we used. Although relationships between earth surface features and
sensors are complex and dynamic, a general rule-of-thumb is that sensor systems do not tend
to resolve features smaller than twice the size of the sensor spatial resolution [93,94]. Our
AVHRR NDVI data has 16 pixels for every single pixel in the GVIx data and 64 pixels for
every single pixel in the GIMMS data, suggesting that the AVHRR data we used were better
able to discern spatial patterns at a finer scale than the coarser resolution AVHRR data used
previous studies. The time period of our study was substantially different than the other two,
starting and ending about 6-8 years later [36,49]. Temporal differences in the time period
examined would likely result in differences in the spatial pattern of NDVI trend significance
since the factors attributable to NDVI changes are also temporally dynamic. We would
expect to find greater similarity between our results and those of [36,49] if they were
calibrated to the same period (e.g., 1989-2007) despite differences in data sources and
statistical methods. The time period chosen for our study was dictated by the availability of
the high resolution AVHRR data we used [9]. It is also intuitive that the choice of statistical
methods would influence the outcome. Neither [49] nor [36] used classical autoregressive
techniques to account for temporal correlation. Linear regression of NDVI versus
precipitation was used to detect trends in [49] and in [36], Mann—Kendall and linear
correlation were used to detect inter-annual trends, and harmonic regression, a technique
related to autoregression, was used to uncover intra-annual periodicities. We used long-
established statistical methods that account for serial correlation in temporal data so that
parameter standard errors and hence significance were evaluated correctly

6. Conclusions

Remote monitoring of changes in greenness over time can be useful for identifying long
term trends resulting from climate change or anthropogenic activities on the ground. The
effect of different climatic factors (temperature and precipitation) and anthropogenic factors
on NDVI is not homogenous across space and time. The present study shows that NDV1 is
often significantly related to precipitation and temperature, and that the relationships are not
necessarily intuitive. Consequently, climatic factors may confound the ability to detect areas
of NDVI change not associated with climatic factors. By including climatic factors in a
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multivariate analysis of the NDVI over time, the detection of areas with significant NDVI
change can be increased. Moreover, a comparison of analyses with and without climatic
factors can be used to distinguish between areas of NDVI change associated to climatic
factors and areas associated with direct factors. Comments about changes of slope and once
the areas affected by direct factors have been identified, they can be evaluated for causes of
change, such as fire or fire recovery, change in flooding extent, change in agriculture extent
or practices, and insect infestations. A closer look and monitoring changes in trends
direction and magnitude in a specific affected area can be segmented according to
disturbance time as we presented in this paper. This could support tailored management
strategies based on the major causes of direct and/or climate change in the area.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

Acknowledgments:

The authors are grateful for comments on earlier drafts by Garland, Gillespie, McDonald and Mehaffey (US EPA),
and the six anonymous reviewers for their reviews and inputs. We also would like to thank Juanita Brimer, for
proofreading the article. The U.S. Environmental Protection Agency, through its Office of Research and
Development, funded the research described herein. This work was reviewed by EPA and approved for publication,
but it may not necessarily reflect official Agency policy. Mention of trade names or commercial products does not
constitute endorsement or recommendation for use.

References

1. Tucker CJ Red and Photographic Infrared Linear Combinations for Monitoring Vegetation. Remote
Sens. Environ 1979, 8, 127-150.

2. Minor TB; Lancaster J; Wade TG; Wickham JD; Whitford W; Jones KB Evaluation changes in
rangeland condition using multitemporal AVHRR data and geographic information system analysis.
Environ. Monit. Assess 1999, 59, 211-233.

3. Lanfredi M; Lasaponara R; Simoniello T; Cuomo V; Macchiato M Multiresolution spatial
characterization of land degradation phenomena in southern Italy from 1985 to 1999 using NOAA-
AVHRR NDVI data. Geophys. Res. Lett 2003, 30.

4. Gurgel HC; Ferreira NJ Annual and international variability of NDVI in Brazil and its connections
with climate. Int. J. Remote Sens 2003, 24, 3595-3609.

5. Nash MS; Wade T; Heggem DT; Wickham J Does Anthropogenic Activities or Nature Dominate the
Shaping of the Landscape in the Oregon Pilot Study Area for 1990-1999? In Desertification in the
Mediterranean Region.: A Security Issue, NATO Science for Peace and Security Series C:
Environmental Security; Kepner WG, Rubio JL, Mouat DA, Pedrazzini F, Eds.; Springer:
Dordrecht, The Netherlands, 2006; Volume 3, pp. 305-323.

6. Vogelmann JE; Tolk B; Zhu Z Monitoring forest changes in the southwestern United States using
multitemporal Landsat data. Remote Sens. Environ 2009, 113, 1739-1748.

7. Rigge M; Wylie B; Gu Y; Belnap J; Phuyal K; Tieszen L Monitoring the status of forests and
rangelands in the western United States using ecosystem performance anomalies. Int. J. Remote
Sens 2013, 34, 4049-4068.

8. Nash MS; Bradford DF; Wickham JD; Wade TG Detecting Change in Landscape Greenness over
Large Areas: An Example for New Mexico, USA. Remote Sens. Environ 2014, 150, 152-162.

9. Eidenshink JC The 1990 conterminous U.S. AVHRR data set. Photogramm. Eng. Remote Sens
1992, 58, 809-813.

10. Wang J; Rich PM; Price KP Temporal response of NDVI to precipitation and temperature in the

central great plains, USA. Int. J. Remote Sens 2003, 24, 2345-2364.

Remote Sens (Basel). Author manuscript; available in PMC 2018 November 28.



1duosnuel Joyiny vd3 1duosnuep Joyiny vd3

1duosnue Joyiny vd3

Nash et al.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

Page 14

Twumasi YA; Coleman TL; Manu A; Merem EC; Osei A Relationship between climate parameters
and forest vegetation at and near Digya National Park, Ghana. Br. J. Environ. Clim. Chang 2011,
1, 201-215.

Reed BC Trend analysis of time-series phenology of North America derived from satellite data.
GISci. Remote Sens 2006, 43, 24-38.

Jones KB; Hamann S; Nash MS; Neale AC; Kepner WG; Wade TG; Walker J; Miller F; Zurlini G;
Zaccarelli N; et al. Cross-European Landscape Analyses: Illustrative Examples Using Existing
Spatial Data In Use of Landscape Sciences for the Assessment of Environmental Security, NATO
Science for Peace and Security Series C: Environmental Security; Petrosillo I, Miller F, Jones KB,
Zurlini G, Krauze K, Victrove S, Li BL, Kepner WG, Eds.; Springer: Dordrecht, The Netherlands,
2008; pp. 263-316.

Nash MS; Chaloud DJ; Kepner WG; Sarri S Regional Assessment of Landscape and Land Use
Change in the Mediterranean Region: Morocco Case Study (1981-2003) In Environmental Change
and Human Security: Recognizing and Acting on Hazard Impacts, NATO Science for Peace and
Security Series C: Environmental Security; Liotta PH, Mouat D, Kepner WG, Lancaster JM, Eds.;
Springer: Dordrecht, The Netherlands, 2008; pp. 143-165.

Anyamba A; Tucker C Analysis of Sahelian vegetation dynamics using NOAA-AVHRR NDVI
data from 1981-2003. J. Arid Environ 2005, 63, 596-614.

Kawabata A; Ichii K; Yamaguchi Y Global monitoring of interannual changes in vegetation
activities using NDVI and its relationships to temperature and precipitation. Int. J. Remote Sens
2001, 22, 1377-1382.

Sobrino JA; Julien Y Global trends in NDVI-derived parameters obtained from GIMMS data. Int.
J. Remote Sens 2011, 32, 4267-4279.

Van Mantgem PJ; Stephenson NL; Byrne JC; Daniels LD; Franklin JF; Fulé PZ; Harmon ME;
Larson AJ; Smith JM; Taylor AH; et al. Widespread Increase of Tree Mortality Rates in the
Western United States. Science 2009, 323, 521-524. [PubMed: 19164752]

Vogelmann JE; Xian G; Homer C; Tolk B Monitoring gradual ecosystem change using Landsat
time series analyses: Case studies in selected forest and rangeland ecosystems. Remote Sens.
Environ 2012, 122, 92-105.

Allen CD; Breshears DD Drought-induced shift of forest-woodland ecotone: rapid landscape
response to climate variation. Proc. Natl. Acad. Sci. USA 1998, 95, 14839-14842. [PubMed:
9843976]

Pettorelli N; Pelletier F; von Hardenberg A; Festa-Bianchet M; Cote SD Early onset of vegetation
growth vs. rapid green-up impact on juvenile mountain ungulates. Ecology 2007, 88, 381-390.
[PubMed: 17479756]

Potapov PV; Dempewolf J; Talero Y; Hansen MC; Stehman SV, Vargas C; Rojas SV; Castillo D;
Mendoza E; Calderon A; et al. National satellite-based humid tropical forest change assessment in
Peru in support of REDD+ implementation. Environ. Res. Lett 2014, 9, 13.

Bounoua L; Collatz GJ; Sellers PJ; Randall DA; Dazlich DA, Los SO; Berry JA; Fung I; Tucker
CJ; Field CB; et al. Interactions between vegetation and climate: Radiative and physiological
effects of doubled atmospheric CO2. J. Clim 1999, 12, 309-324.

Rosenzweig CG; Casassa DJ; Karoly A; Imeson A; Liu C; Menzel A; Rawlins S; Root TL; Seguin
B; Tryjanowski P Assessment of Observed Changes and Responses in Natural and Managed
Systems. Climate Change 2007: Impacts, Adaptation and Vulnerability In Contribution of Working
Group Il to the Fourth Assessment Report of the Intergovernmental Panel on Climate Change;
Parry ML, Canziani OF, Palutikof JP, van der Linden PJ, Hanson CE, Eds.; Cambridge University
Press: Cambridge, UK, 2007; pp. 79-131.

Malo AR; Nicholson SE A study of rainfall and vegetation dynamics in the African Sahel using
normalized difference vegetation index. J. Arid Environ 1990, 19, 1-24.

Azzali S; Menenti M Mapping vegetation-soil-climate complexes in southern Africa using
temporal Fourier of NOAA-AVHRR NDVI data. Int. J. Remote Sens 2000, 21, 973-996.

Wessels KJ; Prince SD; Carroll M; Malherbe J Relevance of rangeland degradation in semiarid
northeaster South Africa to the nonequilibrium theory. Ecol. Appl 2007, 17, 815-827. [PubMed:
17494399]

Remote Sens (Basel). Author manuscript; available in PMC 2018 November 28.



1duosnuel Joyiny vd3 1duosnuep Joyiny vd3

1duosnue Joyiny vd3

Nash et al.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

Page 15

Lybbert TJ; Aboudrare A; Chaloud DJ; Magnan N; Nash MS Booming Markets for Moroccan
argan oil appear to benefit some rural households while threatening the endemic argan forest. Proc.
Natl. Acad. Sci. USA 2011, 108, 13963-13968. [PubMed: 21873185]

Sonfack R; Nzeukou A; Lenouo A, Siddi T; Tchakoutio SA; Kaptue A Comparison between
vegetation and rainfall of bioclimatic ecoregions in central Africa. Atmosphere 2013, 4, 411-427.
U.S. Global Change Research Program, 2009 Global Climate Change Impact in the United States,
2009 Report. Available online: https://nca2009.globalchange.gov/ (accessed on 20 March 2017).
Fernandez-Manso A; Quintano C; Fernandez-Manso O Forecast of NDVI in coniferous areas using
temporal ARIMA analysis and climatic data at a regional scale. Int. J. Remote Sens 2011, 32,
1595-1617.

Chamaillé-Jammes S; Fritz H Precipitation-NDVI relationships in eastern and southern African
savannas vary along a precipitation gradient. Int. J. Remote Sens 2009, 30, 3409-3422.

Ding M; Zhang Y; Liu L; Zhang W; Wang Z; Bai W The relationship between NDVI and
precipitation on the Tibetan plateau. J. Geogr. Sci 2007, 17, 259-268.

Duan H; Yan C; Tsunekawa A; Song X; Li S; Xie J Assessing vegetation dynamics in the Three-
North Shelter Forest region of China using AVHRR NDVI data. Environ. Earth Sci 2011, 64,
1011-1020.

Erasmi S; Maurer F; Petta RA; Gerold G; Barbosa MP Inter-annual variability of the normalized
difference vegetation index over northeast Brazil and its relation to rainfall and El Nino southern
oscillation. Geo Oko 2009, 30, 185-206.

Fensholt R; Langanke T; Rasmussen K; Reenberg A; Prince SD; Tucker C; Scholes RJ; Le QB;
Bondeau A; Eastman R; et al. Greenness in semi-arid areas across the globe 1981-2007—An earth
observing satellite based analysis of trends and drivers. Remote Sens. Environ 2012, 121, 144—
158.

Herrmann SM; Anyamba A; Tucker CJ Recent trends in vegetation dynamics in the African Sahel
and their relationship to climate. Glob. Chang. Biol 2005, 15, 394-404.

Ichii K; Kawabata A; Yamaguchi Y Global correlation analysis for NDVI and climatic variables
and NDVI trends: 1982-1990. Int. J. Remote Sens 2002, 23, 3873-3878.

Ji L; Peters J A spatial regression procedure for evaluating the relationship between AVHRR-NDVI
and climate in the northern Great Plains. Int. J. Remote Sens 2004, 25, 297-311.

Karnieli A; Agam M; Pinker RT; Anderson M; Imhoff ML; Gutman GG; Panov N; Goldberg A
Use of NDVI and land surface temperature for drought assessments: Merits and limitations. J.
Clim 2010, 23, 618-633.

Li Z; Guo X Detecting climate effects on vegetation in northern mixed prairie using NOAA
AVHRR 1-km time-series NDVI data. Remote Sens 2012, 4, 120-134.

Mao D; Wang Z; Luo L; Ren C Integrating AVHRR and MODIS data to monitor NDVI changes
and their relationships with climatic parameters in northeast China. Int. J. Appl. Earth Obs. Geoinf
2012, 18, 528-536.

Neeti N; Rogan J; Christman Z; Eastman JR; Millones M; Scheider L; Nickl E; Schmook B;
Turner BL, 1I; Ghimire B Mapping seasonal trends in vegetation using AVHRR-NDVI time series
in the Yucatan peninsula, Mexico. Remote Sens. Lett 2011, 3, 433-442.

Olsson L; Eklund L; Ardd J A recent greening of the Sahel—Trends, patterns and potential causes.
J. Arid Environ 2005, 63, 556-566.

Park HS; Sohn BJ Recent trends in changes of vegetation over East Asia coupled with temperature
and rainfall variations. J. Geophys. Res 2010, 115, D14101.

Peng S; Chen A; Xu L; Cao C; Fang J; Myneni RB; Pinson JE; Tucker CJ; Piao S Recent
vegetation growth trend in China. Environ. Res. Lett 2011, 6, 1-13.

Pouliot D; Latifovic R; Olthof | Trends in vegetation NDVI from 1 km AVHRR data over Canada
for the period 1985-2006. Int. J. Remote Sens 2009, 30, 149-168.

Weiss JL; Gutzler DS; Coonrod JEA; Dahm CL Long-term vegetation monitoring with NDVI in a
diverse semi-arid setting, central New Mexico, USA. J. Arid Environ 2004, 58, 249-272.

Zhang X; Goldberg M; Tarpley D; Friedl MA; Morisette J; Kogan F; Yu Y Drought-induced
vegetation stress in southwestern North America. Environ. Res. Lett 2010, 5, 1-11.

Remote Sens (Basel). Author manuscript; available in PMC 2018 November 28.


https://nca2009.globalchange.gov/

1duosnuel Joyiny vd3 1duosnuep Joyiny vd3

1duosnue Joyiny vd3

Nash et al.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

Page 16

Zoffoli ML; Kandus P; Madanes N; Calvo DH Seasonal and interannual analysis of wetlands in
South America using NOAA-AVHRR NDVI time series: The case of the Parana Delta region.
Landsc. Ecol 2008, 23, 833-848.

Beck HE; McVicar TR; van Dijk AlJM; Schellekens J; de Jeu RAM; Bruijnzeel LA Global
evaluation of four AVHRR-NDVI data sets: Intercomparison and assessment against Landsat
imagery. Remote Sens. Environ 2011, 115, 2547-2563.

Ji L; Peters AJ Assessing vegetation response to drought in the northern Great Plains using
vegetation and drought indices. Remote Sens. Environ 2003, 87, 85-98.

Van Oldenborgh GJ; Collins M; Arblaster J; Christensen JH; Marotzke J; Power SB;
Rummukainen M; Zhou T IPCC, 2013: Annex |: Atlas of Global and Regional Climate Projections
In Climate Change 2013: The Physical Science Basis. Contribution of Working Group | to the
Fifth Assessment Report of the Intergovernmental Panel on Climate Change; Stocker TF, Qin D,
Plattner G-K, Tignor M, Allen SK, Boschung J, Nauels A, Xia Y, Bex V, Midgley PM, Eds.;
Cambridge University Press: Cambridge, UK; New York, NY, USA, 2013.

Loarie SR; Duffy PB; Hamilton H;Asner GP; Field CB; Ackerly DD The velocity of climate
change. Nature 2009, 262, 1052-1054.

Loveland TR; Sohl TL; Stehman SV; Gallant AL; Sayler KL; Napton DE A strategy for estimating
the rates of recent United States land-cover changes. Photogramm. Eng. Remote Sens 2002, 68,
1091-1099.

Eidenshink JA 16-year time series of 1 km AVHRR satellite data of the conterminous United States
and Alaska. Photogramm. Eng. Remote Sens 2006, 72, 1027-1035.

Holben BN Characteristics of maximum value composite images from temporal AVHRR data. Int.
J. Remote Sens 1986, 7, 1417-1434.

Stowe LL; Davis PA; McClain PE Scientific basis and initial evaluation of the CLAVR-1 global
clear/cloud classification algorithm for the advanced very resolution radiometer. J. Atmos. Ocean
Technol 1999, 16, 656-681.

PRISM Climate Group. Available online: http://prism.nacse.org/products/matrix.phtml|?
vartype=tdmean&view=data (accessed on 20 March 2017).

Thorne J; Boynton R; Flint L; Flint A; Le TN Development and Application of Downscaled
Hydroclimatic Predictor Variables for Use in Climate Vulnerability and Assessment Studies;
California Energy Commission: Sacramento, CA, USA, 2012.

Wooldridge J Introductory Econometrics: A Modern Approach, 3rd ed.; South-Western Publishing
Co.: Mason, OH, USA, 2006; p. 890.

Trumbore S; Brando P; Hartmann H Forest health and global change. Science 2015, 349, 814-818.
[PubMed: 26293952]

Notaro M; Liu Z; Gallimore RG; Williams JW; Gutzler DS; Collins S Complex seasonal cycle of
ecohydrology in the southwest United States. J. Geophys. Res 2010, 115, G04034.

Guo L; Wu S; Zhao D; Yin Y; Leng G; Zhang Q NDV/I-Based Vegetation Change in Inner
Mongolia from 1982 to 2006 and Its Relationship to Climate at the Biome Scale; Advanced in
Meteorology; Hindawi Publishing Corporation: Cairo, Egypt, 2014.

Zhou L; Kaufmann RK; Tian Y; Myneni RB; Tucker CJ Relation between interannual variations in
satellite measures of northern forest greenness and climate between 1982 and 1999. J. Geophys.
Res. Atmos 2003, 108, 4004.

Gates DM Climate Change and Its Biological Consequences; Sinauer Associates: Sunderland, MA,
USA, 1993; p. 280.

Sun D; Kafatos M Note on the NDVI-LST relationship and the use of temperature-related drought
indices over North America. Geophys. Res. Lett 2007, 34, 1-4.

Stephenson NL Climatic control of vegetation distribution: the role of the water balance. Am. Nat
1990, 135, 649-670.

McKenzie D; Hessel A; Peterson DL; Thornton PE Climatic and biophysical controls on conifers
species distribution in mountain forest of Washington State, USA. J. Biogeogr 2003, 30, 1093-
1108.

Remote Sens (Basel). Author manuscript; available in PMC 2018 November 28.


http://prism.nacse.org/products/matrix.phtml?vartype=tdmean&view=data
http://prism.nacse.org/products/matrix.phtml?vartype=tdmean&view=data

1duosnuel Joyiny vd3 1duosnuep Joyiny vd3

1duosnue Joyiny vd3

Nash et al.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

Page 17

McKenzie D; Peterson DW; Peterson DL; Thomson P Recent growth of conifer species of western
North America: Assessing spatial patterns of radial growth trends. Can. J. For. Res 2001, 31, 526—
538.

Clark DA; Piper SC; Keeling CD; Clark DB Tropical rain forest tree growth and atmospheric
carbon dynamics linked to interannual temperature variation during 1984-2000. Proc. Natl. Acad.
Sci. USA 2003, 100, 5852-5857. [PubMed: 12719545]

Clark DB; Clark DA; Oberbauer SF Annual wood production in a tropical rain forest in NE Costa
Rica linked to climatic variation but not to increasing CO2. Glob. Chang. Biol 2010, 16, 747-759.
Feeley KJ; Wright JJ; Supardi MNN; Kassim AR; Davies SJ Decelerating growth in tropical forest
trees. Ecol. Lett 2007, 10, 461-469. [PubMed: 17498145]

Wright CK; Wimberly MCRecent land use change in the Western Corn Belt threatens grasslands
and wetlands. Proc. Natl. Acad. Sci. USA 2013, 110, 4134-4139. [PubMed: 23431143]

Kogan FN Droughts of the late 1980s in the United States as derived from NOAA polar-orbiting
satellite data. Bull. Am. Meteorol. Soc 1995, 76, 655-668.

Smith LC Satellite remote sensing of river inundation area, stage, and discharge: a review. Hydrol.
Process 1997, 11, 1427-1439.

Sanyal J; Lu X Application of remote sensing in flood management with special reference to
Monsoon Asia: A review. Nat. Hazards 2004, 33, 283-301.

Powell SJ; Jakeman A; Croke B Can NDVI response indicate the effective flood extent in
macrophyte dominated floodplain wetlands? Ecol. Indic 2014, 45, 486-493.

Winter TC; Rosenberry DO Hydrology of prairie pothole wetlands during drought and deluge A
17-year study of the Cottonwood Lake Wetland Complex in North Dakota in the perspective of
longer term measure and proxy hydrological records. Clim. Chang 1998, 40, 189-209.
Vanderhoof MK; Alexander LC; Todd MJ Temporal and spatial patterns of wetland extent
influence variability of surface water connectivity in the Prairie Pothole Region, United States.
Landsc. Ecol 2015, 31, 805-824.

Todhunter PE; Rundquist BC Terminal lake flodding and wetland expansion in Nelson County,
North Dakota. Phys. Geogr 2004, 25, 68-85.

Vanderhoof MK; Alexander LC The Role of Lake Expansion in Altering the Wetland Landscape of
the Prairie Pothole Region, United States. Wetlands 2016, 36, 309-321.

Sims NC; Thomas MC What happens when flood plains wet themselves: \egetation response to
inundation on the lower Balonne flood plain? Int. Assoc. Hydrol. Sci. Publ 2002, 276, 195-202.
Rothermel RC; Hartford RA; Chase CH Fire Growth Maps for the 1988 Greater Yellowstone Area
Fire; U.S. Department of Agriculture, Forest Service, Intermountain Research Station: Ogden, UT,
USA, 1994; p. 64.

Romme WH; Boyce MS; Gresswell R; Merrill EH; Minshall GW; Whitlock C; Turner MG Twenty
years after the 1988 Yellowstone fires: Lessons about disturbance and ecosystem. Ecosystems
2011.

Pasek JE; Schaupp WC, Jr. Populations of Douglasfir Beetle in Green Trees Three Years after the
Clover Mist Fire on the Clarks Fork Ranger District. Shoshone National Forest, Wyoming; U.S.
Forest Service Rocky Mountain Region, Renewable Resources Staff: Denver, CO, USA, 1992; p.
13.

USDA Forest Service. Available online: https://www.fs.usda.gov/detailfull/r1/landmanagement/
gis/?cid=fsp5_030970: online link to the data: https://www.fs.usda.gov/Internet/
FSE_DOCUMENTS/fsp5_030609.zip (accessed on 20 March 2017).

Bigler C; Gavin DG; Gunning C; Veblen TT Drought induces lagged tree mortality in a subalpine
forest in the Rocky Mountains. OIKOS 2007, 116, 1983-1994.

USDA FS. Major Forest Insect and Disease Conditions in the United States, FS-1000. Available
online: http://www.fs.fed.us/foresthealth/publications/ConditionsReport_2011.pdf (accessed on 20
March 2017).

Anderegg WRL; Hicke JA; Fisher RA; Allen CD; Aukema J; Bentz B; Hood S; Lichstein JW;
Macalady AK; McDowell N; et al. Tree mortality from drought, insects, and their interactions in a
changing climate. New Phyotol 2015, 208, 674-683.

Remote Sens (Basel). Author manuscript; available in PMC 2018 November 28.


https://www.fs.usda.gov/detailfull/r1/landmanagement/gis/?cid=fsp5_030970
https://www.fs.usda.gov/detailfull/r1/landmanagement/gis/?cid=fsp5_030970
https://www.fs.usda.gov/Internet/FSE_DOCUMENTS/fsp5_030609.zip
https://www.fs.usda.gov/Internet/FSE_DOCUMENTS/fsp5_030609.zip
http://www.fs.fed.us/foresthealth/publications/ConditionsReport_2011.pdf

1duosnuel Joyiny vd3 1duosnuep Joyiny vd3

1duosnue Joyiny vd3

Nash et al. Page 18

91. Colorado State Forest Service. 2014 Colorado Forest Insect and Disease Update. A Supplement to
the 2014. Available online: https://csfs.colostate.edu/media/sites/22/2015/03/Final-2014-Insect-
Disease-Update-2March2015.pdf (accessed on 20 March 2017).

92. Liebhold A; Bentz B Insect Disturbance and Climate Change. U.S. Department of Agriculture,
Forest Service, Climate Change Resource Center. Available online: https://www.fs.usda.gov/ccrc/
topics/insect-disturbance-and-climate-change (accessed on 23 February 2017).

93. Townshend JGRThe Spatial Resolving Power of Earth Resources Satellites; National Aeronautics
and Space Administration (NASA): Greenbelt, MD, USA, 1980.

94. Woodcock CE; Strahler AH The factor of scale in remote sensing. Remote Sens. Environ 1987, 21,
311-322.

Remote Sens (Basel). Author manuscript; available in PMC 2018 November 28.


https://csfs.colostate.edu/media/sites/22/2015/03/Final-2014-Insect-Disease-Update-2March2015.pdf
https://csfs.colostate.edu/media/sites/22/2015/03/Final-2014-Insect-Disease-Update-2March2015.pdf
https://www.fs.usda.gov/ccrc/topics/insect-disturbance-and-climate-change
https://www.fs.usda.gov/ccrc/topics/insect-disturbance-and-climate-change

1duosnuep Joyiny vd3 1duosnuepy Joyiny vd3

1duosnue Joyiny vd3

Page 19

120°C|)'O“W 110°(|J'0"W 100°(|J'0"W 90°0l'0"W 80°0|'0“W 70"0]'0"W

25°0'0"N  30°0'0"N 35°0|‘0"N 40°0'0"N  45°0'0"N

25°0'0"N  30°0'0"N  35°0'0"N  40°0'0"N  45°0'0"N

T T T T
110°0'0"W 100°0'0"W 90°0'0"W 80°0'0"W
1 20°9'O“W 11 0°(I)'0"W 1 00°9'0"W 90°0I'0"W 80°OI'O“W 7O°0I'O“W

30°0'0"N  35°0'0"N  40°0'0"N  45°0'0"N

=
=}
o 0 250 500 1,000 km
0 T T T S Y Y I |
N 3
) 1 1 L
110°0'0"W 100°0'0"W 90°0'0"W 80°0'0"W
Figure 1.

Pixels (1 km x 1 km) with significant temporal trend for the monthly NDVI from 1989
through 2013 in contiguous 48 U.S. states, determined by: (A) significant changes in
greenness (univariate autoregression; Equation (1)); and (B) multivariate autoregression
(Equation (4)). Sample size is 300 for each pixel. Green indicates significant (v < 0.05)
increase in greenness (i.e., NDVI); red indicates significant decrease in greenness.
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Figure 2.
Pixels (1 km x 1 km) with significant temporal trend for monthly climatic factors from 1989

to 2013 in contiguous 48 U.S. states determined using univariate autoregression (Equation
(2); n=300 for each pixel). Green indicates significant increase; red indicates significant
decrease. Factors are: (A) monthly maximum temperature; (B) monthly minimum
temperature; (C) monthly dew point temperature; and (D) monthly precipitation.
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Figure 3.
Summary of relationship direction and significance level between the NDVI and climatic

factors and time in multivariate autoregression analyses (Equation (4)) for ~7,660,636 1 km
x 1 km pixels in USA. Factors are average monthly minimum temperature (Tmin),
maximum temperature (Tmax), dew point temperature; (DP), precipitation (P), previous
month’s precipitation (Lag[Prcp]), and time. Data are summarized tor pixels with
significantly (p < 0.05) positive association between the NDVI and the subject factor (+sig),
not significant positive association (+nsig), not significant negative (—nsig) association, and
significant negative (—sig) association.
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Figure 4.
Comparison of the NDVI1 trend significance between the univariate and multivariate

autoregression for each pixel. Outcomes A (significant trend in univariate model/significant
trend in multivariate model) and C (not significant trend in univariate model/significant trend
in multivariate model) denote changes due to direct factors, Outcome B (significant trend in
univariate model/not significant trend in multivariate model) denotes changes due to climatic
factors, and Outcome D (not significant trend in univariate model/mot significant trend in
multivariate model) denotes no change in greenness.

Remote Sens (Basel). Author manuscript; available in PMC 2018 November 28.

40°0'0"N

30°0'0"N



1duosnuep Joyiny vd3 1duosnuepy Joyiny vd3

1duosnue Joyiny vd3

Nash et al.

48200N

Figure 5.

NOWI

Page 23

0.7
0.7
0627
e
oAy

i,

b

G0 93 94 95 93 22 23

B3 82 b2 W G O

) 02 02 OF 24

Progression of agriculture and flooding between 1990 and 2013 in Devils Lake area, North
Dakota: (A) inset map shows the location of the area within the Devils Lake and the selected
three numbered 1 km x 1 km pixels; (B—E) Google Earth™ images showing the: pre
flooding (A); and post flooding (C-E); and (F) numbered pixels 1-3 in (A-E) are used in
F1-F3, showing the behavior of NDVI with years. NDVI trend with time (Bg < -0.077) is
significant (p < 0.0001) (lines are described in Figure S2). The coordinates for pixels 1-3 are
48°17°05”N, 99°07°16”W; 48°16°01”N, 99°06'23” W; and 48°10°50”N, 99°10'53"W;

respectively.
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The 1988 Yellowstone fire polygon (black hatching) within Yellowstone National Park (dark
black lines). Green and red pixels indicate significant increase and decrease in the NDVI
over time (multivariate autoregression), respectively Labeled symbols A and B are the
locations of the pixels used in Figures S2 and S3, respectively, showing NDVI behavior over

time. (Fire polygon from [87]).
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Figure 7.

Progress of tree mortality from insect infestation and diseases in Colorado from 1994 to
2013 (black hatching). Green pixels indicate a significant increase in the NDVI over time
(multivariate autoregression), and red pixels indicate significant decrease in NDVI over time
(multivariate autoregression).
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Figure 8.
Forested land located in central West Virginia that had a significantly increasing NDVI trend

without discernable land cover change (Outcome B). The latitude and longitude of the pixel
center is 38°22"11”N and 81°51'56” W. (A—C) Google Earth™ images indicating no
change in land cover between 1996 and 2013; and (D) NDVI with time (NDVI trend
increased significantly in univariate (p < 0.0001) but it was not significant after including the
climatic factor (p=0.0663) (lines are described in Figure S2).
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Table 1.
Recent studies of AVHRR NDVI—climate data relationships.

AVHRR AVHRR Climate Data  Independent

Reference  Year Location Length Data Resolution Resolution Variables Analysis
[32] 2009 Africa 1982-1996 GIMMS 8-km 0.5° P OLS
[33] 2007 Tibetan Plateau, China  1982-1989  GIMMS 8-km Station P LC
[34] 2011 China 1982-2006 GIMMS 8-km Station TP OLS
[35] 2009 Brazil 1981-2006 GIMMS 8-km 0.5° P OLS
[36] 2012 Drylands, Global 1981-2007 GIMMS-g 8-km 2.5° TPE MK, OLS
[37] 2005 Sahel, Africa 1982-2003 GIMMS 8-km 2.5° P OLS
[38] 2002 Global 1982-1990 PAL 8-km 0.5° TP OLS
[39] 2004 USA 1989-1993 EROS 1-km Station TRPET, E DW, spR
[40] 2010 USA and Canada 1981-2001 PAL 8-km 0.25°, 32-km TPLSTE,S OLS
[41] 2012 Canada 1985-2007 PAL 1-km Station T,P MK, OLS
[42] 2012 China 1982-2003 GIMMS 8-km Station TP OoLS
[43] 2012 Mexico 1982-2007 GIMMS 8-km Station P MK, HR, visual
[44] 2005 Sahel, Africa 1982-1999 PAL 8-km 2.5° P visual
[45] 2010 Asia 1982-2006 GIMMS 8-km 2.5° TP EOF, SVD
[46] 2012 China 1982-2012 GIMMS 8-km 0.1° T,P OLS
[47] 2009 Brazil 1982-2006 GIMMS 8-km 0.1° P visual
[48] 2004 USA 1990-2000 EROS 1-km Station SOl P visual
[49] 2010 USA 1982-2007 GVIx 4-km 32 km? DSL, P oLS
[50] 2008 S. America 1981-2000 GIMMS 8-km - Water level visual

Notes: blank entry = not reported; GIMMS = Global Inventory Modeling and Mapping Studies; PAL = Pathfinder AVHRR Land; station = climate
data from local weather stations; T = temperature; P = precipitation, PET = potential evapotranspiration; E = solar radiation; S = soil moisture; LST
= land surface temperature; SOI = southern oscillation index; DSL = dry season length; OLS = ordinary least squares; LC = linear correlation; MK
= Mann-Kendall; DW = Durbin-Watson; spR = spatial regression; visual = qualitative; EOF = empirical orthogonal function; SVD = singular
value decomposition.
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Table 2.

Percent of total pixels with significant increasing or decreasing trend in the univariate analyses for the NDVI
and for each of the climatic factors. Significance level is p < 0.05.

Variable Increase  Decrease  Total

NDVI 41.11 7.28 48.38
Minimum Temperature 35.41 4.09 39.50
Maximum Temperature 11.94 4.45 16.39
Dew Point 20.08 12.52 32.60
Precipitation 2.88 8.74 11.62
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Table 3.

Frequency of outcomes in comparison of NDVI trends; between univariate and multivariate analyses for
~7,660,636 1 km x 1 km pixels in conterminous states. Outcomes A and C denote changes due to direct
factors, Outcome B denotes changes due to climatic factors, and Outcome D denotes no change in greenness.

NDVI Trends in Multivariate Analyses

NDVI Trends in Univariate Analysis
Significant  Not S ignificant ~ Total

Outcome A Outcome B 48.38

Significant 44.83 3.56
P Outcome C Outcome D
Not Significant 816 43.45 51.62
Total 52 at 47.01 100.00
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