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Abstract: We compare microwave GPS and optical-based remote sensing observations of the 
vegetation response to a recent drought in California, USA. The microwave data are based on 
reflected GPS signals that were collected by a geodetic network. These data are sensitive to 
temporal variations in vegetation water content and are made available via the Normalized 
Microwave Reflection Index (NMRI). NMRI data are complementary to information of plant 
greenness provided by the Normalized Difference Vegetation Index (NDVI). NMRI data from 146 
sites in California are compared to collocated NDVI observations, over the interval of 2007–2016. 
This period includes a severe, three-year drought (2012–2014). We quantify the seasonal variations 
in vegetation state by calculating a series of phenology metrics at each site, using both NMRI and 
NDVI. We examine how the phenology metrics vary from year-to-year, as related to the observed 
fluctuations in accumulated precipitation. The amplitude of seasonal vegetation growth exhibits 
the greatest sensitivity to prior accumulated precipitation. Above-normal precipitation from 4 to 
12 months before peak growth yields a stronger seasonal growth pulse, and vice versa. The 
amplitude of seasonal growth, as determined from NDVI, varies linearly with precipitation during 
dry years, but is largely insensitive to precipitation amount in years with above-normal 
precipitation. In contrast, the amplitude of seasonal growth from NMRI varies approximately 
linearly with precipitation across the entire range of conditions observed. The length of season is 
positively correlated with prior accumulated precipitation, more strongly with NDVI than NMRI. 
The recovery from drought was similar for a one-year (2007) and the more severe three-year 
drought (2012–2014). In both cases, the amplitude of growth returned to typical values in the first 
year with near-normal precipitation. Growing season length, only based on NDVI, was greatly 
reduced in 2014, the driest and final year of the three-year California drought. 
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1. Introduction 

Monitoring and characterizing drought depends upon the application [1]. Ecological, 
agricultural, meteorological, and hydrological drought are all quantified with different data. 
Quantifying how managed and natural vegetation responds to drought is important for many 
applications, from evaluating changes in ecosystem services (e.g., [2]) to prescribing time variations 
in land surface conditions in hydrologic and climate models [3]. The response of vegetation to 
drought depends on many factors, including the timing and duration of precipitation and 
temperature anomalies, plant physiology, rooting depth, soil texture, and depth to water table [4–
6]. The measured response of vegetation to drought also depends on the data and metrics that are 
used to gauge changes in vegetation amount or function.  
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There is a long history of using optical remote sensing data to characterize the response of 
vegetation to drought. The Normalized Difference Vegetation Index (NDVI), which is a 
combination of reflectance in the near infrared and red bands, is a measure of the capacity of 
vegetation to absorb photosynthetically active radiation [7]. Thus, NDVI is a measure of plant 
‘greenness’ or aboveground green biomass that is often used to characterize the effects of drought 
[4,5,8]. The Enhanced Vegetation Index (EVI) and other indices provide alternative metrics for 
monitoring vegetation [9]. EVI is better suited than NDVI for monitoring the productivity in many 
circumstances. NDVI is more widely used to characterize the temporal variations in vegetation 
state, for example, in climate and hydrologic models, due to the long period of record made 
possible by combining data from AVHRR and MODIS [9]. Although most optical remote sensing 
metrics are sensitive to plant greenness, metrics such as the Normalized Difference Water Index 
(NDWI) provides a measure of water in vegetation canopies [10]. The utility of NDWI as a predictor 
of vegetation water content is limited at many sites due to issues with soil background reflectance 
[10–12]. More useful information on vegetation water content may be gained from hyperspectral 
measurements, but these data are currently limited in their spatial coverage and repeat time. 

Microwave remote sensing has also been used to monitor fluctuations in vegetation state [13], 
for example, vegetation optical depth [14,15]. Unlike optical remote sensing indices, 
microwave-based approaches yield data that are primarily sensitive to water in vegetation 
canopies, as well as other factors, including canopy architecture, surface roughness, and soil 
moisture [13]. Another difference is that microwave signals are not affected by cloud cover, and 
they are not sensitive to solar illumination. When compared to optically-based data, passive 
microwave data have coarse spatial resolution [16,17]. Even so, passive microwave measurements 
can provide vegetation water content data that complements higher-resolution, greenness 
observations [14,18]. Active microwave data provide higher spatial resolution, but are typically not 
used for repeat monitoring on multi-year timescales [19–22]. Given both of these issues, microwave 
data have not been used very often to monitor how vegetation responds to drought. However, 
given that information about vegetation water status is useful to document the physiological 
response of vegetation to drought [6], microwave-based observations should enhance drought 
monitoring, particularly when combined with optically-based data 

Ground-based observations of reflected GPS (microwave) signals provide a new dataset to 
monitor the vegetation response to drought. Global Positioning System Interferometric 
Reflectometry (GPS-IR) is a bistatic, microwave radar remote sensing method [23] that can be used 
to document temporal variations in vegetation water content [24]. Unlike other microwave-based 
remote sensing approaches, GPS-IR senses a much smaller area (~1 hectare) around a GPS antenna. 
This allows for detailed monitoring of vegetation in a restricted area with homogenous vegetation, 
but does not yield spatially-continuous information. However, GPS-IR metrics can be calculated on 
a daily basis, which provides higher temporal sampling than other methods. In addition, many 
GPS-IR records exceed a decade in length, which is much longer than other microwave-based 
datastreams, e.g., [14]. 

The purpose of this study is to evaluate how vegetation responds to drought and the 
subsequent return to normal conditions using both microwave- and optical-based remote sensing 
observations. These two types of data are sensitive to different aspects of vegetation state, and thus 
provide complementary information about the vegetation response to drought. The recent 
California drought provides a unique opportunity to make this inter-comparison for two reasons. 
First, a regional multi-year drought (2012–2014) was followed by return to average conditions by 
2016. An earlier drought (2007) was of similar intensity but shorter in duration (2007 only). Second, 
there is a high density of ground-based microwave reflection observations in the region that were 
recorded by GPS instruments [25]. Because of the distribution of the GPS sensors, this study is 
limited to grassland, shrubland, savanna, and desert land covers, which represents more than half 
of the region (Figure 1). This study differs from previous efforts that focused on the vegetation 
response to California drought. We include microwave-based vegetation indices, in addition to the 
typically-used optical remote sensing products, and we examine the recovery from drought. We 
utilize plant phenology metrics to compare the growth in drought and normal years. 
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Figure 1. Location of the 146 GPS stations used in this study. The background represents the MODIS 
IGBP land cover classification. The white rectangle is the region chosen for the regional-average 
analysis. The inset shows the number of Normalized Microwave Reflection Index (NMRI) sites by 
land cover type (GRA grassland, SHR shrubland, WSV woody savanna, SAV savanna, CRP 
cropland, FOR forest). 

2. Materials and Methods 

2.1. Study Area 

California was subjected to a multi-year drought from 2012 to 2014, with recovery to normal 
conditions by 2016. Statewide precipitation was approximately 40% below normal during the 
drought, representing the driest four-year interval on record [26]. The effects on groundwater, 
reservoir storage and snowpack were dramatic [26–28]. Air temperature was also above normal 
during this interval, accentuating the drought conditions [29,30], including the observed reduction 
in snowpack [28]. Following normal precipitation during 2016, the snowpack and reservoir storage 
returned to typical conditions, but the impacts on groundwater storage remain. 

The vegetation response to the 2012–2014 California drought has been studied using various 
optical remote sensing approaches, but not microwave data. Potter [31] used Landsat-derived 
NDWI and NDVI to document vegetation changes during 2013 and 2014 along a 100-km transect of 
the central California coast. Grasslands showed greater drought stress than shrublands or forests. 
Over a similar domain, Coates et al. [32] found species-to-species differences in response to drought 
using relative green fraction that was derived from AVIRIS. Asner et al. [2] combined lidar and 
hyperspectral data to map changes in canopy water content across California’s forests. Using 
Landsat data, Rao et al. [33] also focused on the forest response to drought. Malone et al. [6] used 
MODIS-based products to evaluate how water-use efficiency changed during drought across 
California’s ecosystems. 
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Here, we consider the response of vegetation to drought in the context of California’s climate. 
Precipitation is generally limited to the wet season, which spans from December to March, with 
little or no precipitation at other times of the year. The timing of vegetation growth and senescence 
is strongly tied to the associated seasonal fluctuations in water availability, which is readily 
apparent in both optical and microwave remote sensing data [34]. These seasonal fluctuations in 
vegetation state can be summarized by plant phenology metrics (the timing of biological events, 
e.g., [35,36]), including the start day of seasonal growth, season length, and amplitude of the 
seasonal cycle. These metrics allow for thecharacterization of differences in vegetation growth 
between drought periods and more normal conditions. The calculation of phenology metrics is 
described below. 

2.2. NMRI 

All of the GPS sites that were used in this study are taken from the NSF EarthScope Plate 
Boundary Observatory (PBO) [37] (Figure 1). This objective of this GPS network is to measure 
deformation across active fault zones in the western U.S., and thus it has a high density of sites in 
California. The locations of the PBO GPS sites were chosen entirely to answer tectonic science 
questions. At about the same time, the PBO network was being built, it was discovered that the 
reflected signals that were recorded by GPS receivers could be used to measure surface soil 
moisture and snow depth [38,39]. Later Small et al. [40] reported strong correlations between 
reflected GPS signals, NDVI, and water content of vegetation. Based on these preliminary studies, 
the PBO H2O project began generating daily soil moisture, snow depth, and vegetation reflectance 
products [25]. Here, we will only briefly describe the PBO H2O vegetation product, NMRI 
(Normalized Microwave Reflection Index). 

NMRI is based on GPS L-band signals that are transmitted at ~1.5 and 1.2 GHz [23]. By 
combining dual frequency phase and ranging GPS observables, effects from satellite orbits, station 
coordinates, atmospheric delays, relativity, and clocks are eliminated, leaving the effects of 
reflections. As water in vegetation increases, the amplitude of the reflected signal decreases [23]. 
NMRI is by definition an empirically defined-ratio, and it is calculated separately at each site on 
each day. The average reflection amplitude is divided by a base value that is defined for a period 
when the vegetation water content is lowest. Finally, NMRI is defined so that it increases as 
vegetation water content increases. The lowest NMRI values (bottom 5% of the observed values) are 
set to zero; the peak values rarely exceed 0.35. 

The NMRI statistic was validated at four rangeland sites in Montana [24]. NMRI correlated 
strongly with vegetation water content, but not with biomass or vegetation height. Most of the 
signal reflects from vegetation within ~50 m of the GPS antenna. As with the soil moisture and 
snow depth GPS-IR products, NMRI should be considered as a metric of vegetation water content 
in an area of ~1000 m2 [23]. The PBO H2O NMRI database begins on 1 January 2007 and extends for 
10 years. Because of equipment failures, some time series are shorter than this record length. To 
include a site in this study, we required that a NMRI station have at least a six-year record. 

2.3. NDVI 

We use NDVI data from NASA’s MOD13Q1 product that was derived from the MODIS sensor 
on the Terra satellite. This product is a 16-day composite that uses the maximum observed value 
during a 16-day interval. We use the actual day of the NDVI acquisition, not the midpoint of the 
16-day NDVI window. Thus, there are between 1 and 31 days between each NDVI sample points.  

The MOD13Q1 product is posted using a pixel resolution of 250 m on a side, thus the NDVI 
data represents a larger sensing area than the NMRI data. We select NDVI data from the pixel that 
contains each GPS station. Nearly all of the PBO sites are located away from areas with extensive 
forest cover because the trees block the signals that are required to compute the accurate positions 
needed for tectonic studies. The GPS sites in forested regions are located in clearings, typically 10’s 
of meters wide or greater. We exclude sites of this type: the larger NDVI footprint includes the trees 
in the surrounding forest, while the NMRI footprint is sensitive to the herbaceous plants and small 
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woody shrubs in the clearing. Approximately one quarter of the PBO sites that are analyzed here 
are from regions mapped as woody savanna (Figure 1). The GPS antenna at these sites is always 
10’s of meters from the nearest trees. Thus, the NMRI signal at these sites is primarily indicative of 
the vegetation water content of the herbaceous plants and small shrubs surrounding the antenna 
[23]. The NDVI signal for these locations represents the greenness of both ground-cover 
(herbaceous and woody shrubs), as well as that of any trees within the pixel. This is considered 
further in the discussion. 

We also exclude some coastal sites because persistent cloud cover contaminates the NDVI data. 
Finally, we excluded three sites where the NDVI and NMRI are not consistent because of other 
heterogeneities in the land cover or the data are too noisy. We used a total of 146 sites. 

2.4. Phenology Analysis of NMRI and NDVI Data 

There are strong seasonal fluctuations in the vegetation state at the sites examined in this study 
(Figure 2). These fluctuations are linked to the variations in plant available water between the wet 
and dry seasons, as well as seasonal shifts in temperature and radiation. We quantify the seasonal 
variations in vegetation state by calculating a series of phenology metrics at each site for each year, 
using both NMRI and NDVI (Figure 3). Then, we examine how the phenology metrics vary from 
year-to-year, as related to the intensity and timing of drought. 

 
Figure 2. Time series for GPS site P531: (a) NMRI time series after application of a five-day centered 
median filter; (b) Normalized Difference Vegetation Index (NDVI) data including linear 
interpolation between observed values. (a,b) data analysis: Green horizontal lines show the baseline 
level for amplitude calculation, determined separately between peaks. The lavender (yellow) circles 
for NMRI (NDVI) show the interval above the 25% cut-off around the main seasonal peak. The red 
vertical dashed line is the Mean Peak day of year. (c) North American Land Data Assimilation 
System (NLDAS) cumulative precipitation for each Water Year (red), and the 10-year average 
(gray). P531 is a grasslands site with an annual precipitation of 428 mm at latitude/longitude of N 
35.8° and W 120.54°. 
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The phenology metrics are: (1,2) date of Start of Season (SOS) and end of season; (3) season 
length; (4) date of maximum vegetation; and, (5) amplitude of seasonal variation. Each of these 
measures is calculated separately for each water year: from day of year (doy) 275 of the previous 
calendar year to doy 274 of the current year. For example, values for 2015 are based on data from 
doy 275 of 2014 through doy 274 of 2015. The observed seasonal cycles of vegetation growth and 
senescence are nearly all contained within a single water year, with very few exceptions, as will be 
discussed below. The SOS signifies the beginning of the increase in greenness or vegetation water 
content, and the end of season the opposite. Together, the start and end of season determine the 
season length. 

The five metrics are calculated using the same procedure that is described in Evans et al. [34], 
who considered both NMRI and NDVI time series from sites throughout the western U.S. All of the 
steps are completed separately for NMRI and NDVI, using algorithms that only differ in terms of 
the magnitude of some parameters (described below). Prior to calculating the phenology metrics, 
each time series is smoothed to remove outliers. For NMRI, we used a five-day median filter [23]. 
For NDVI, we discarded steep valleys with slopes that are larger that 0.1 NDVI per week that could 
be contaminated by clouds [31], and then linearly interpolated the NDVI values. First, we identify 
the date of peak vegetation, by finding the maximum value during each water year (Figure 3). 

 
Figure 3. Example analysis used to retrieve the amplitude of the seasonal peak, the Start of Season 
(SOS) and End of Season (EOS) day of year. The seasonal peak is within the Water Year (thick light 
blue line on x-axis labeled WY). The baseline (green line B) on each side of the peak is the level of 
pre/post-growth vegetation. The amplitude (black line A) is the difference between the peak and the 
average baseline pre/post-growth. The red dotted lines are the 25% cut off levels with respect to the 
pre/post-growth baselines, and they intersect the main seasonal growth cycle at the SOS and EOS 
day of year (red squares). (a) the daily five-day median NMRI uses the 30th percentile to define the 
baseline; and, (b) the interpolated bi-weekly NDVI uses the 20th percentile. 

Second, we select a baseline value for each non-growth period, which was bounded before and 
after by peaks in growth (Figure 3). Using the data between consecutive annual peaks, we 
calculated the baseline NMRI value as the 30th percentile of NMRI between the peaks. For NDVI, 
we selected the 20th percentile as the baseline. These values were chosen based on visual 
inspection, with the goal of choosing a single NMRI and NDVI value to represent the portion of the 
year between growth peaks. The baseline values vary from year-to-year (Figure 3), but these 
variations are much smaller than the variations within a season or the in peak values from year to 
year. Third, we calculate the amplitude of the annual growth cycle for each site as the difference 
between the value at the peak and the average of the baseline values during the non-growth 
periods before and after the peak. 
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Finally, we chose the start of season by identifying the date when NMRI or NDVI exceeds 25% 
of the difference between the preceding baseline value and the peak value (dashed red line in 
Figure 3). Similarly, the end of season is when the value falls below the same 25% threshold, but 
using the baseline value from the subsequent non-growth period. The 25% threshold that is used 
here approximates a	first growth. The 25% threshold used here approximates a first growth pulse 
[16]. We required that the index stay above the threshold value for 30 consecutive days, to exclude 
any short-duration events not part of the annual growth cycle. Season length is computed as the 
time between SOS and end of season, when the index falls below the 25% threshold. 

We use monthly precipitation data available from the North American Land Data Assimilation 
System (NLDAS-2) [42]. In NLDAS, precipitation is a meteorological forcing field provided on the 
1/8th degree NLDAS grid. For each GPS location in this study, we use the precipitation data from 
the grid cell that contains the station. The NLDAS-2 precipitation data are based on daily 
precipitation gauge values that were gridded to 1/8 degree utilizing information from the 
Parameter-Elevation Relationships on Independent Slopes Model (PRISM; [43]). We chose to use a 
gridded product because it permits a homogenous analysis across the domain. Utilizing actual 
gauge data would have required spatial interpolation, a step that was already accomplished by 
NLDAS. NLDAS precipitation for the interval 2006–2016 is used (Figure 2), corresponding to the 
period of record of most of the NMRI records. 

We summarize the magnitude of prior precipitation anomalies for any month (e.g., April 2014) 
as Percent of Normal Precipitation (PNP), which was calculated over intervals from 1 to 12 months 
in duration. For example, the four month PNP for April 2014 would be calculated, as follows: 

𝑃𝑁𝑃!"#$! =
𝑃!!!,!

!!!"#$

𝑃!!!,!
!!!""#!!"#$

∗ 100 (1) 

Thus, the accumulated precipitation during each interval is normalized by precipitation during 
the same interval averaged over the 10-year period (2007–2016). PNP of 50% means that the 
accumulated precipitation is half of the average. Precipitation data from 2006 was used as required 
for calculating PNP in 2007 (e.g., four-month PNP for March 2007 uses data from December 2006). 
We use PNP instead of various other precipitation-based drought indices because it permits the 
calculation of anomalies over an identical period as the NMRI and NDVI data. Metrics, such as the 
Standardized Precipitation Index (SPI), which is given in units of standard deviation, requires a 
precipitation time series of ~30 years to characterize the probability distribution of rainfall at a site 
[44]. 

To facilitate comparison with precipitation anomalies expressed as PNP, the amplitude of peak 
growth phenology metric was similarly normalized by the mean value for the 10-year period (2007–
2016) on a site-by-site basis. The other four phenology metrics (e.g., doy of peak growth) were not 
normalized, instead, deviations in units of days were compared to fluctuations in precipitation. 

3. Results 

3.1. General Comparison of Phenology Analysis 

Prior to considering the response to drought, we first summarize differences and similarities 
between the phenology metrics calculated from NMRI and NDVI. The example data shown in 
Figures 2 and 3 show that season length is shorter when calculated from NMRI than NDVI. Across 
all sites and years, NMRI season length is 45 days shorter than the NDVI season length (Figure 4a). 

The day of year of peak growth is earlier for NDVI by 25 days across all of the sites and years. 
Together, these results indicate that the seasonal increase in greenness measured by NDVI begins 
earlier in the spring, peaks sooner, and extends for a longer duration than the corresponding 
increases in vegetation water content that was sensed by NMRI. These differences are consistent 
with the results that are summarized by [34], as determined from stations across a broader region of 
the western U.S. and a five-year period. A comparison of the absolute magnitudes of NMRI and 
NDVI is not meaningful, as both metrics are normalized on their own scale. 
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Figure 4. Histograms of (a) Length of season; (b) Mean peak day of year; (c) Relative amplitude; 
and, (d) Deviation from the mean peak day of year. Histograms are for all sites over all years. 

We now compare the magnitude of variability in NMRI and NDVI, across all years and sites. 
Using the ten years of data for each site, we calculate a mean peak DOY on a site-by-site basis. 
Then, the deviation of the peak DOY for each growing season is calculated as compared to the 
mean value. Similarly, we calculate a mean amplitude for each site. The amplitude for each year is 
then represented as a percent of the mean amplitude at that site. Both NDVI and NMRI exhibit a 
near-normal distribution of variations in deviation of peak DOY. The standard deviation of peak 
DOY is larger for NDVI (24 days) than NMRI (17 days). Thus, the timing of peak growth based on 
NDVI varies more from year-to-year. In contrast, the magnitudes of year-to-year variations in 
amplitude of peak growth are slightly greater based on NMRI (Figure 4d): the standard deviation of 
NMRI is 33% as compared to 30% from NDVI. Variations in amplitude from both NDVI and NMRI 
are skewed towards lower values, although more so for NDVI. To summarize, the variations in 
timing of peak growth based on greenness are greater than based on vegetation water content, but 
the variations in amplitude of the growth based on water content are slightly greater or are similar 
in magnitude. 

3.2. Link to Drought at the Site Level 

For both NMRI and NDVI, year-to-year variations in the amplitude of the seasonal growth are 
most strongly correlated with prior precipitation, when compared to the other phenology metrics 
(Figure 5). We calculated linear correlation coefficients between: (1) the year-to-year changes in each 
phenology metric; and, (2) deviations of precipitation prior to the growing season (PNP, Equation 
(1)). There is no way to know, a priori, over what time interval deviations in the magnitude of 
precipitation will most greatly influence vegetation. This depends on many factors, including 
vegetation type, climate, phenology metric, and data type analyzed. Therefore, we varied the time 
period for calculating precipitation anomalies between 1 and 12 months, and then calculated the 
correlation coefficients separately for each interval. This requires choosing a date prior to which 
precipitation anomalies are calculated. For each station, we chose the mean DOY of peak growth. 
We repeated this analysis with different dates (e.g., DOY of peak growth from individual years) 
and the results were nearly identical. 
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Figure 5. Correlation between the Percent of Normal Precipitation (PNP) computed for the month 
prior to the NMRI mean seasonal peak day of year (DOY) and NMRI metrics as a function of the 
PNP scale in months (blue circles). (a) Relative Amplitude; (b) Deviation from the Mean Peak DOY; 
and, (c) Length of Season. The dashed lines are the 95% confidence interval. The green triangles are 
the correlation results using NDVI, with PNP computed for the month prior to the NDVI mean 
seasonal peak. 

The amplitude of seasonal growth based on both NMRI and NDVI is positively correlated with 
prior normalized precipitation (PNP), with the strongest correlation being observed at intervals of 4 
to 12 months (Figure 5a). This result is as expected: when precipitation is below normal prior to the 
growing season, the amplitude of seasonal growth is below average (and vice versa). The 
correlation between NMRI and PNP is slightly higher than between NDVI and PNP, particularly at 
timescales that are approaching one year. In Figure 6, we show how the amplitude of seasonal 
growth varies for different magnitudes of six-month PNP. We selected six month PNP, as this was 
the timescale that showed high correlations between both remote sensing indices and precipitation. 
NMRI Peak amplitude increases nearly linearly across the entire range of PNP observed. NDVI 
exhibits different behavior. When precipitation is below normal (PNP < 100%), peak amplitude 
increases as PNP increases. However, there is little or no relationship between peak amplitude of 
NDVI and PNP when the precipitation is above average. In summary, peak amplitude based on 
NMRI is responsive to both negative and positive precipitation anomalies, whereas NDVI peak 
amplitude plateaus for precipitation at (or above) normal levels. 
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Figure 6. NMRI (a) and NDVI (b) relative amplitude (small dots) versus the corresponding 6-month 
Percent of Normal Precipitation (PNP). The large symbols are the averaged values over 40% wide 
PNP bins incremented every 20%. Each bin has a number of points >50. 

The timing of peak growth is only weakly controlled by PNP, regardless of timescale (Figure 
5b). The DOY of peak growth based on NMRI is positively correlated with PNP: peak growth tends 
to be earlier (later) when precipitation is below (above) normal. NDVI shows the opposite response, 
although the correlation is very weak: peak growth is later when precipitation is below normal. For 
season length, both of the indices show a positive relationship with PNP at all timescales: longer 
seasons for higher precipitation. The correlation between NDVI-based season length and PNP is 
higher than based on NMRI. As with amplitude, the relationships between both timing of peak 
growth and season length is only approximately linear (not shown). 

3.3. Spatial Patterns in Dry and Wet Years 

So far, this analysis has considered either all of the stations across years (Section 3.1) or all 
stations and their responses to variations in PNP (Section 3.2). Now, we examine the spatial 
patterns of precipitation and vegetation response during dry years and wet years. The maps in 
Figure 7 show six-month PNP and normalized peak amplitude for two dry years (2007 and 2014), a 
wet year (2011), and a normal year that followed the multi-year drought (2015). 

 
Figure 7. NMRI (left) and NDVI (middle) relative peak amplitude for Plate Boundary Observatory 
(PBO) H2O sites in California, during two dry years (2007 and 2014), a wet year (2011), and a normal 
year (2015) following a multi-year drought; (Right) six-month Percent of Normal Precipitation 
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(PNP). Both vegetation metrics and PNP are compared to the average for 2007–2016 and reported as 
a percentage, as shown in the color bar. 

For the two dry years, there is a general correspondence between the spatial patterns of 
precipitation and vegetation anomalies. In 2007, PNP is lowest in central California and is closer to 
average in the north. The vegetation response measured by NMRI peak growth is greatest in central 
California and decreases northward. However, NMRI peak growth exhibits some average and 
above-normal values in southern California that are not present in the PNP map. The pattern that is 
based on NDVI is similar, although near-normal peak growth is observed at even more stations 
where PNP is clearly below average (e.g., along the coast). In 2014, the correspondence between 
PNP and both of the vegetation indices is more similar, although peak growth at many stations in 
northern California is average or above, even though PNP is below normal.  

The correspondence between the spatial patterns of precipitation and vegetation anomalies is 
less in the wet and normal years. This is consistent with the results presented in Figure 6: there is a 
weaker correlation between amplitude of growth and PNP when the precipitation is at or above 
average. The year 2011 was the wettest in the 10-year period examined, while 2015 was much closer 
to normal (Figures 7 and 8). In 2011, nearly all of the sites show PNP exceeding 100%, with a 
south-to-north gradient from very high to nearly normal precipitation. In contrast, peak growth 
that is based on NDVI was close to normal everywhere, with the exception of several sites in 
southern California. This is expected given the complete data set (all years) that is presented in 
Figure 6b–NDVI anomalies and PNP are not correlated when PNP exceeds 100%. NMRI peak 
growth was above average at ~20 sites in central California, but close to normal otherwise. 2015 was 
the first year that the precipitation was near normal after three years of drought (Figure 8). Many 
sites in central and southern California exhibit above normal peak growth based on NDVI, even 
though PNP was not above average. The correlation between PNP and NMRI peak growth is 
higher, including the red-to-blue pattern from the coast inland observed in central California.  
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Figure 8. Central California averaged (inset Figure 1, 55 sites) phenology metrics and one standard 
deviation as a function of year during 2007–2016, using NDVI (green triangles) and NMRI (blue 
circles); (a) Relative Amplitude; (b) Length of Season; and, (c) Deviation in time of peak growth. The 
averaged PNP is displayed in all plots (pink squares), with one standard deviation shown only in 
(a). 

In summary, the correlation between PNP and peak growth from both indices is greater in dry 
years than wet years. More of the station-to-station differences in PNP that were observed in 
individual years are replicated by NMRI peak growth. NDVI peak growth shows little response to 
the far above-normal precipitation in 2011, consistent with the result that NDVI peak growth 
saturates at high values of PNP (Figure 6). 

3.4. Regional-Scale Fluctuations in Precipitation and Vegetation 

Finally, we consider PNP and phenology metrics that were averaged across central California 
(inset in Figure 1), the area with both the highest density of GPS stations and relatively strong and 
spatially-consistent PNP and vegetation anomalies. At the regional scale, NMRI peak amplitude 
tracks six-month PNP very closely (r = 0.87, p < 0.01). The correlation between NDVI peak 
amplitude and PNP is also high (r = 0.76, p < 0.01), although the magnitude of NDVI amplitude 
variations are generally less than those that are based on NMRI, which is consistent with the results 
that are shown above. This result demonstrates that both greenness-based and microwave-based 
vegetation metrics show a clear response of peak vegetation growth to precipitation anomalies at 
the regional scale. 

The year-to-year changes in season length based on NMRI and NDVI are highly correlated, 
and both NMRI and NDVI season length variations are positively correlated with PNP (Figure 8b). 
The NDVI-based season length from 2014 is a clear outlier. The season length is almost 50 days less 
than observed in other years. No similar decrease was observed using NMRI. In addition, the 
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timing of the seasonal peak was later than normal, the second highest being in the 10-year interval. 
We consider possible explanations for this anomalous behavior below. The year-to-year changes in 
timing of peak growth are similar between NMRI and NDVI. However, the correlation between 
either NMRI- or NDVI-based peak timing and PNP is limited or non-existent (Figure 8c). 

4. Discussion 

The non-forested vegetation of California shows a clear response to year-to-year fluctuations in 
precipitation, which is based on both microwave-based NMRI and optical-based NDVI. Of the 
various phenology metrics that are considered, the amplitude of seasonal vegetation growth 
exhibits the greatest sensitivity to prior accumulated precipitation. Above-normal precipitation 
from 4 to 12 months before peak growth yields a stronger seasonal pulse, and vice versa. The length 
of season also exhibits a positive correlation with accumulated precipitation. In contrast, variations 
in the timing of growth are not clearly linked to precipitation: correlations are lower and of 
different sign based on MNRI and NDVI. The strong, positive correlation between precipitation and 
amplitude of growth is consistent with numerous prior studies using ground-based and 
optical-remote sensing data [7]. This result is also consistent with analyses of how vegetation in 
water-limited ecosystems responds to variations in precipitation [45]. Of the phenology metrics that 
are used here, the amplitude of seasonal growth is likely to be the most robust and easiest to 
calculate. This could contribute to the high correlation with precipitation, when compared to the 
other metrics. 

Overall, the microwave-based and optical-based indices exhibit similar responses to 
fluctuations in precipitation, yet differences do exist in terms of average season length and the 
timing of growth e.g., [18,34]. The most notable difference exists when the precipitation is above 
normal. The amplitude of seasonal growth that was determined from NDVI varies linearly with 
precipitation during dry years. However, it is largely insensitive to precipitation amount in years 
with above-normal precipitation (Figure 6). In contrast, amplitude of seasonal growth from NMRI 
varies approximately linearly with precipitation across the entire range of conditions observed. 
Peak NDVI at the sites examined here, which are primarily grassland and shrubland, is almost 
always below 0.6. Therefore, it is unlikely that NDVI is saturating in wet years, which typically only 
occurs when NDVI approaches ~0.8, as is the case for forests or crops with high leaf area index [46]. 
Instead, the limited sensitivity of NDVI to above-normal precipitation may indicate that greenness 
actually reaches an upper limit at these sites. Ecosystem productivity may still be elevated in 
seasons with above-normal precipitation because the vegetation tends to stay green longer in these 
years (Figure 5c), even if the magnitude of peak greenness is not elevated. 

Both the NMRI and NDVI responses that are documented here are primarily indicative of 
herbaceous ground-cover and small woody shrubs, not trees. Three quarters of the sites analyzed 
are from grassland or shrubland (Figure 1). For the woody savanna sites, the PBO installation is 
typically located 10’s of m from any individual trees or areas of forest cover. The NMRI signal is 
dominated by the vegetation closer to the antenna [23]. Because the optical data has a larger spatial 
footprint, the NDVI data from these sites also integrates the effects of changes in greenness of trees. 
Previous studies of the vegetation response to precipitation have identified differences between 
passive microwave and optical responses in areas with different amounts of tree cover [18]. This 
type of comparison is not possible with the NMRI data used here, as NMRI data are largely 
sensitive to the herbaceous ground-cover and the small shrubs that surround the GPS antennas. 

By using decade-long records, we can qualitatively compare the vegetation response that is 
associated with a multi-year drought (2012–2014) to that associated with a single dry year (2007). 
Precipitation in California was slightly above normal during water year 2006 (not shown), so the 
low precipitation observed in 2007 (Figure 8) represents a one-year event. The recovery from the 
one and three-year events appears to be similar. At the regional scale, the amplitude of growth 
increased to typical values in the first year with near-normal precipitation (2008 and 2015) (Figure 
8a). The change in season length based on NDVI during the third, and most severe, year of the 
2012–2014 drought is notable. PNP during 2014 was under 50%, which is very similar to that 
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observed in 2007. However, NDVI-based season length decreased by over 50 days during 2014, 
which was not observed during 2007. Accumulated drought stress that is associated with the 
preceding dry years could explain this outlier. Alternatively, the precipitation that did occur in 2014 
accumulated later in the year than normal (e.g., Figure 2), which could have resulted in the shorter 
growing season. 

5. Conclusions 

Here, we used both microwave- and optical-based observations to monitor the vegetation 
response to drought. We used reflected microwave signals measured by a network of ground-based 
GPS systems that were installed to measure crustal deformation, so the data were limited to the 
locations of operational GPS sites. Space-based GPS receivers can be used to monitor land surface 
conditions [47] providing measurements that are more spatially continuous. This type of 
space-based GPS reflection system could be used to monitor vegetation, providing a data stream 
that is complementary to the typically-used optical-based products 
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