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Abstract 

 
Vegetation-climate interactions in California – an in-depth analysis on the influence of 

climatic events across different Californian biomes   
Felipe Fileni 
 

It is widely accepted that climate variability is a key driver of vegetation productivity. Yet, there are 

discrepancies on the ideal timescales of climatic events and vegetation response. The work herein at-

tempts to clarify how those variables interact in the region of California. The Standard Precipitation 

Evapotranspiration Index (SPEI), a drought index, was used as an indicator of interannual climate vari-

ability in the region. Vegetation productivity was accounted with Normalized Difference Vegetation 

Index (NDVI) or net growth point data. In this study, four parameters were tested: the length of climate 

events influencing vegetation, the ideal time to be accounted as vegetation response, the start of the 

growing season, and the lag between climate and vegetation response.  In total, 594 different scenarios 

were simulated, with 432 considering the correlation between SPEI and NDVI anomalies and the re-

maining between SPEI and net growth.  

The findings shows that the Hot Deserts of California have an early start of the drought season, in 

March or April, with climate events from 6 months prior influencing vegetation greenness for the next 

3 months. In those deserts, the direct correlations between SPEI and NDVI have been the highest, of 

0.70 (Mojave) and 0.64 (Sonoran), meaning that, in these locations drier periods will decrease vegetation 

health. Cold Deserts present a later start of the drought season, in May. Vegetation in these regions will 

have a delayed response to droughts, with scenarios of 1 to 2 months lags between climate events and 

vegetation response presenting the highest correlations between SPEI and NDVI. Response that is also 

longer with climatic events influencing the next 9 months of vegetation greenness. When the correlations 

were significant, Mediterranean California behaved similarly to cold deserts, with a lag between climate 

and vegetation, and even longer periods of climatic influence on vegetation, of up to 12 months.  

In colder regions of California, entailing the entire Western Cordillera, Cold Deserts, and some re-

gions of Mediterranean California an inverse relationship between SPEI and NDVI was found. Drier 

periods early in the season, in March or April will cause vegetation to be greener during the following 

months. In cold deserts and Mediterranean California, this climate vegetation relationship happened for 

short climatic events, as only the previous months will have an impact on vegetation for the following 

three months. The Cordillera was influenced by longer climatic events, of up to three months, and was 

the location that showed the best inverse correlations between NDVI and SPEI. In these locations, an 

early snowmelt and higher temperatures, leading to higher evapotranspiration, could explain the increase 

in greenness of vegetation by drier periods. However, this observation does not hold when considering 

a larger scale of climatic events. The correlation between SPEI and Net Growth has showed that when 

longer periods are considered, with climatic events of 12 or 24 months, a decrease in the net growth of 

plants will happen for the following season. As Californian climate is predicted to become more extreme 

it is of great importance understanding the possible consequences for vegetation. 
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Popular Scientific Summary 
 

Vegetation-climate interactions in California – an in-depth analysis on the influence of 

climatic events across different Californian biomes   
Felipe Fileni 
 

Climate is one of the key factors influencing vegetation health. Though it is known that drier climates 

will negatively affect vegetation health and, quantifying this influence is still a key challenge for better 

management of the environment. The study herein attempts to quantify the climatic influence in different 

biomes across the region of California. In that perspective, the red and infrared bands of satellite im-

agery, and tree growth, were used as a representation of vegetation health, whilst a measurement derived 

from precipitation and evapotranspiration was used to represent climatic variations.  

The results have shown that vegetation in hot deserts is the most directly affected by climatic varia-

tions. Cold deserts will also be affected by climatic variations, though the response is delayed due to the 

resilience of the natural vegetation. Forested and heavily anthropogenically modified regions will pre-

sent lower direct correlations between climate and vegetation health. Besides the direct relationship, 

colder regions also presented an inverse correlation between climate and vegetation. Drier climates will 

cause the vegetation to be greener. Among possible reasons for this phenomenon are an earlier snowmelt 

occurrence leading to early vegetation greening, and water availability not being a limiting factor for 

vegetation productivity in those regions.  When analyzing the tree growth results, it is possible to affirm 

that these trends are temporary, and on a broader scale, drier climates will decrease tree growth and 

vegetation health. 
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1. Introduction 

 

Primary productivity, that is, the rate at which energy is created by photosynthesis, is the basis of all life 

form on earth  (Whittaker, 1970).  This rate presents spatial variations, i.e.: tropical forests present a 

higher gross primary productivity (GPP) than tundra (Whittaker, 1970); and temporal variations, i.e., 

there has been a global increase in GPP between the years 1982 and 1999 (Nemani et al., 2003). Under-

standing the factors that could influence how this rate varies is of utmost importance for the humanity. 

It is widely accepted that climate is a limiting factor for the GPP of a region. There are three main 

climatic constraints: precipitation, air temperature and solar radiation (Beer et al., 2010; Nemani et al., 

2003; Wu et al., 2015).  Different biomes will have different climatic limitations. For instance, shrubs 

biomes are usually limited by precipitation while tundra biomes are limited by solar radiation and tem-

perature (Beer et al., 2010).  

Furthermore, temporal climate variations can act as drivers to GPP shifts on several scales. Long 

periods of droughts will cause plant stress and vulnerability, leading to a possible plant death and a 

decrease in production during the following years (Allen et al., 2010; Choat et al., 2012; McDowell et 

al., 2008). On a smaller temporal scale, the yearly distribution of rainfall can alter the GPP of a region, 

even if the volume of precipitation remains the same (Fay et al., 2003; Feng et al., 2013).  

Another issue when accessing the influence of climate in the GPP of a region is the interference of 

external factors. This issue is very noticeable in tropical regions, where most of the GPP is concentrated 

(Beer et al., 2010; Choat et al., 2012).  The amazon forest is a heavily studied biome where the climatic 

interference on GPP is very complex and cannot fully explain its trends (Beer et al., 2010; Lewis et al., 

2011; Marengo et al., 2011, 2008). For instance, despite the 2005 amazon drought being more severe, 

in climatic terms, than 2010, the latter had a bigger impact on vegetation (Lewis et al., 2011; Marengo 

et al., 2011).  

It is also necessary to differentiate between natural GPP and anthropogenic primary production. Alt-

hough the majority of the GPP happens in natural vegetation, areas used by humans represent approxi-

mately 20% of the net primary production of earth (Haberl et al., 2007). Therefore, anthropogenic 

changes, that is, transformation of natural landscape to urbanized areas or agricultural land, can signifi-

cantly affect the GPP rate of regions (Bai et al., 2008). 

As discussed above, the vast amount of variables capable of influencing the climate/vegetation in-

teractions make the topic complex, with no clear consensus on an ideal way of modelling this relation-

ship. There is, however, an assortment of tools to simplify the problem. 

The use of “raw” climatic variables such as precipitation or temperature datasets help defining the 

climate of a region, as presented in the Koppen Climate Classification. Likewise, when accessing cli-

mate variability of a region it is often acceptable to use drought indexes (Mishra and Singh, 2011; Zargar 

et al., 2011)  
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Two widely used drought indexes are the Standardized Precipitation Index (SPI) and Standardized 

Precipitation and Evapotranspiration Index (SPEI) (McKee, T. B., N. J. Doesken, 1993; Vicente-Serrano 

et al., 2010). Those indexes derive a normalized probabilistic distribution from the “raw” climate time 

series. Then, they use the standard deviation of the distribution to access the degree of dryness or wetness 

in a certain period, compared to the rest of the time series. When compared to the more than 100 avail-

able drought indexes, the SPI and SPEI do not require a large amount of data, needing at least a 30-year 

time series of precipitation and temperature, the latter only for SPEI. They are very reliable, and offer 

the possibility of accessing different timescales of climate variations, from monthly to a 48 months’ 

timescale (Mishra and Singh, 2011; Vicente-Serrano et al., 2010; Zargar et al., 2011). 

There is a variety of tools to access primary productivity of a region. They greatly vary on complex-

ity, from machine learning algorithms (Beer et al., 2010) or ecosystems based productivity models (Ogle 

et al., 2015), to the use of easier to measure proxies. When accessing dynamic change of vegetation 

throughout time, consistency of data is an important factor in the analysis. This is achieved with the use 

of two types of proxies: satellite derived proxies and local reports proxies.   

Satellite derived measurements will utilize a combination of the infrared and red bands of an image 

to produce an empirical index to access biomass production in an area of interest (Tucker, 1979). The 

NDVI (Normalized Difference Vegetation Index - Tucker, 1979) remains one of the most popular in-

dexes to access periodical change in landscape. It has been used to access ecological patterns over time 

(Pettorelli et al., 2011, 2005); to identify areas where forest fires happened and the rate at which they 

recover (Goetz et al., 2006), and, of course, to access vegetation response to drought periods  (Aadhar 

and Mishra, 2017; Liu et al., 2018; Sazib et al., 2018; Törnros and Menzel, 2014; Vicente-Serrano et al., 

2013; Wu et al., 2015). 

Due to the importance of crop productivity in agriculture, impacts in crop production are reported in 

a national/continental level. Recently, studies have shown that climate events of the past 2 to 12 months 

are correlated to reported agricultural droughts (Bachmair et al., 2018; Blauhut et al., 2015; Parsons et 

al., 2019; Stagge et al., 2015a).  

When it comes to modelling climate/vegetation interactions, there is congruent information pointing 

out scenarios where climate has a bigger influence on vegetation. Bibliography report that the vegetation 

response to climate is more noticeable in drier periods/regions.  For instance, Parsons et al (2019), found 

out that climate was more correlated to agricultural impacts on drier years, in the UK. The same is true 

for Europe (Stagge et al., 2015a); the best correlation between SPEI and NDVI happen in regions of 

negative water balance (Vicente-Serrano et al., 2013); the best correlations in South Africa and Ethiopia 

happen in regions of less precipitation (Sazib et al., 2018). 

As for vegetation types, there seems to be a consensus that the influence of climate is lesser notice-

able in forests, where external factors play a more important role on vegetation productivity (Beer et al., 

2010). Shrubs, places with sparse vegetation and agricultural non-irrigated lands are locations where 
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there is noticeable vegetation response to climate (Parsons et al., 2019; Törnros and Menzel, 2014; 

Vicente-Serrano et al., 2013). 

There is also convergence on the idea that past climate events will affect the response of vegetation. 

According to the literature, the range of the past event considered optimal varied, from 3 months to up 

to 48 months of past climate influencing current vegetation.  A response of 6 months to a year seems to 

be an ideal timeframe of work (Parsons et al., 2019; Sazib et al., 2018; Törnros and Menzel, 2014; 

Vicente-Serrano et al., 2013; Zeng et al., 2013). The impacts can be shorter as is the case for agricultural 

lands in Germany, which showed better response to the past three months of climate events (Stagge et 

al., 2015a), and for vegetation in India which showed a response of 4 months to climate events (Aadhar 

and Mishra, 2017). It could also be beneficial to work with longer timescales, especially at very high 

latitudes where there can be a response of up to 18 months (Vicente-Serrano et al., 2013); and a response 

of up to 48 months could be used to understand changes in ecosystems (Ogle et al., 2015). 

Furthermore, climate may not affect vegetation immediately, that is, present climate events will not 

affect vegetation; rather there will be a lagged vegetation response. This idea was implemented with the 

use of short time lags i.e., from 1 to 3 months, and results showed that those lags could improve a model 

accuracy in predicting vegetation response (Wu et al., 2015; Zeng et al., 2013). It is also possible that 

more complex ecosystems have an even longer lagged response with lag of more than a year (Ogle et 

al., 2015). 

Given the complexity of the topic, this study will aim on identifying the sources of variability in the 

climate/vegetation interactions. California was defined as the study region, given its vegetation and cli-

mate diversity, and the availability of past climate and vegetation records. The study will firstly perform 

an assessment of four parameters: I) the timescale of past climate events interfering with present vege-

tation; II) the lag between climate events and vegetation response; III) the period in which the vegetation 

responses can be noticed; IV) the start period for the vegetation response. In a second part, the region of 

California is sub-divided in several vegetation and climate categories, with the aim of identifying if any 

patterns in the four parameters of the study according to vegetation/climate type. With these two parts, 

the work has a final goal of identifying when and how climate variability interfere with vegetation 

productivity in the region of California. 
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2. Study Area 

 

California is the most populous state of the United States with almost 40 million inhabitants. The region 

also possesses a wide variety of climates and vegetation, which will be presented herein. 

2.1. Climate 

California climate extends from a very dry desert climate in its southern part to a humid continental 

climate in the northwestern part. Most of the region has a Mediterranean climate, pattern that dominates 

the coast and almost all the northern part of California. Desert climate also occur in more than 20% of 

the territory, all located in the south, in the inland region. In the transition between Desert and Mediter-

ranean climate buffer zones of Semi-Arid climate exists. Finally, a non-negligible part of continental 

climate is located in the northern inland part of California  (Abatzoglou, 2013; Peel et al., 2007) (Fig. 1. 

a and b). 

 

 

Figure 1. a) California Koppen Classification and average yearly precipitation. b) Percentage of area in Califor-

nia for each type of climate. c) Average temperature maxima (red) and minima (blue) per month - i. Boca; ii. 

Brawley. 

 

The yearly precipitation in the region also presents a very wide range, from locations where there is 

less than 50mm of rain per year to locations with more than 3000mm of yearly rainfall. The lowest 

values of precipitation occur in the northwestern part of California with an increasing trend as we go 

southeast (Fig. 1.a). Temperatures also present a very wide variation with locations such as Boca pre-

senting a negative minimum temperature during most of the year and maximum temperatures always 

bellow 30ºC; and Brawley that presents maximum temperatures above 40ºC  during most of the summer 

months and low winter temperatures averaging more than 5ºC (Fig. 1 a and c). 

a) b) 

c) i. 

ii. 
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Furthermore, the region has noticeable seasonal variations. Summer is hot and dry, with maximum 

temperatures above 45ºC, during the month of July, its warmest month. Very little precipitation occurs 

during summer, with precipitation of the months of June to September corresponding in average to less 

than 10% of the total yearly precipitation. The winters are colder and wetter, with precipitation during 

the months of December to February corresponding to an average of almost 50% of the yearly precipi-

tation in California (Fig. 2). 

 

 

Figure 2. Maximum monthly temperature (ºC) and average monthly of yearly precipitation (%) in California. 

 

2.2. Vegetation and elevation  

The region of California also presents a very diverse vegetation, with shrubs in the southern part and 

forest in the north. Most of its urban population is located in the coast, in cities such as San Francisco, 

Los Angeles and San Diego. In its central part the region has a valley mostly used for agriculture with 

a small part of its original vegetation of grassland and wetlands reminiscent. Its eastern border presents 

a steep elevation, being part of the North American Cordillera (Yang et al., 2018) (Fig. 3). 
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Figure 3. California vegetation and elevation 

 

2.3. Ecoregions  

Using climate, topography and vegetation along with human activity, biodiversity and soil type Califor-

nia can be subdivided in three types of ecoregions: Deserts in its inland part with low/medium elevation; 

Mediterranean California in the central part and coast; and the Western Cordillera on high altitudes of 

inland California (Wiken et al., 2011) (Fig. 4).  

Both the Mojave Basin and the Sonoran Desert are hot deserts with sparse vegetation, the first can 

be characterized by a majority of the vegetation being Creosote Bush and Joshua trees, while the second 

has a wider variety of vegetation with Cacti and Bushes (Fig. 4). Although the Northern Basin and Range 

and Central Basin and Range also possess hot summers, they are considered cold deserts because of its 

winters of constant bellow 0 ºC temperatures. The soil of both is covered with vegetation; the Northern 

Basin has typical Cold Desert vegetation with a predominance of Sagebrush, with a soil that is usually 

covered with grass; the central basin possess a greater variability of bushes and a soil that has fewer cool 

season grasses, due to its more diverse climate (Fig. 4). 

The majority of the population and agriculture is located in the Mediterranean California Ecoregion. 

The California Coastal Sage is a heavily urbanized area with natural vegetation consisting of grasslands 

and forests of oak woodlands or pine, depending on the elevation. In the south the locations with shrubs 

vegetation consists mainly of a variety of sage. The Central Valley is the most modified region of Cali-

fornia, being mostly used for agriculture, with little natural vegetation remaining. At higher elevation, 
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California Pine-Oak Mountains are dominated by Oak and Conifer forests. The Coastal Range in the 

north of California also presents a Mediterranean climate with predominance of dense coniferous forests 

(Fig. 4). 

 

 
Figure 4.  Ecoregions of California (Google Maps, 2020, several locations) 

 

In the northeast part, California is dominated by mountains such as the Sierra Nevada and Klamath 

mountains. Both presenting Mediterranean climate and a mix of coniferous forests, with a wider variety 

of trees in the Sierra Nevada. The Cascades and Eastern Cascades are also part of the western Cordillera, 

but have a more Continental Climate, with greater temperature extremes and lower precipitation. While 

the Cascades have a very dense and productive vegetation, composed mainly of coniferous forest the 

Eastern Cascade region has less dense pine forests and areas of grassland and shrub land (Fig. 4). 



 

8 

 

2.4. Interannual Climate Variability 

California is a region that is affected by both climatic extremes: floods and droughts. Even though 

climate variability tend to be stochastic, El Nino Southern Oscillation (ENSO) will interfere with the 

climate of California. During La Nina conditions, climate tends to be drier, and during El Nino, wetter. 

Very strong ENSO will possibly generate extreme events such as floods and droughts. However, the 

predictive capabilities of ENSO are very limited, whereas the intensity of the extremes events cannot be 

correlated to the strength of ENSO (California Department of Water Resources, 2015).  

Furthermore, in recent years, California has experienced its warmest decade since the beginning of 

the 20th century. The region has also seen an increase in the frequency and intensity of extreme events 

(California Department of Water Resources, 2015). The state of California has seen an increasing trend 

in temperature from 1896 to today (He and Gautam, 2016), additionally, it has been shown that 

precipitation and temperature anaomalies are the driving force behind severe droughts in the studied 

state (Luo et al., 2017). 

At warmer temperatures, the percentage of precipitation as snow is reduced; which will lead to a 

reduction of spring snowmelt runoff. Warmer temperatures would also cause earlier snowmelt 

(California Department of Water Resources, 2015).  This imbalance in the water cycle could cause a 

change in the seasonality of the growth season, as it was similarly observed in Europe (Blöschl et al., 

2017). In addition, climate change will also impact ENSO, with El Niño and La Niña occurring at higher 

frequency and intensity (Winsemius et al., 2016).
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3. Data and Methods 

 

3.1. Vegetation Indexes – How can satellite data be used to measure plant 

productivity? 

Currently, vegetation indexes are broadly used in scientific research. This is a consequence of how easy 

they are to access and how accurate they can depict vegetation. They are derived from imagery, with 

databases such as LANDSAT and MODIS accessible, with more than 30 years of periodic global data. 

This section aims on presenting a background on how those indexes are calculated. 

Vegetation indexes are calculated by performing band math on an image. Each band of an image 

represents different wavelengths that are reflected according to how a pixel is populated. The red band 

and the near infrared band (NIR) are widely used in vegetation indexes (Gao, 1996; Huete, 1988; Huete 

et al., 2002; Tucker, 1979). Chlorophyll is responsible for the absorption of red wavelengths; therefore, 

the reflectance of the red band will be inversely proportional to the amount of vegetation in that pixel. 

Contrary to the red band, the near infrared band is directly correlated to the amount of vegetation in a 

pixel (Tucker, 1979).  

The Normalized Difference Vegetation Index (NDVI) is the normalized difference between the NIR 

and red bands. The value ranges from minus one to one. Very low values represent locations with little 

to no vegetation, with values of minus one located in water, where all NIR radiance is absorbed and all 

red band is reflected. Values close to one represent much-vegetated pixels where almost all red band is 

absorbed and NIR reflected (Fig. 5). 

As of today, the NDVI has remained a very popular index with plenty of use in academic studies, as 

previously cited. Many corrections have been proposed, resulting in other indexes derived from the 

NDVI, such as the Soil Adjusted Vegetation Index (SAVI), that uses a factor “L” to minimize soil re-

flectance interference present in the NDVI (Huete, 1988). Or the Enhanced Vegetation Index (EVI) that 

uses four correction factors plus the blue band together with the red and near infrared data (Huete et al., 

2002). The simplicity of the index, which does not need any regional/local correction, coupled with its 

ability to analyze longer time-series, as it is a Landsat based index, with images dating back to the 80s, 

make NDVI an appropriate choice for scientific studies. 
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Figure 5. Calculation of NDVI index for a densely vegetated and water pixel 

3.2. Drought Indexes – Tools for a quantitative assessment of climate 

variability 

The variations of climate are present in our everyday life. Temporal variations such as the four seasons 

and rainy days will constantly affect our daily life. The same is true for spatial variations, very noticeable 

when we travel somewhere with hotter or colder climate. However, using physical raw data of precipi-

tation and temperature would not be enough to define how climate varies in a region. For instance, the 

warmest month of summer ever recorded at Uppsala, Sweden  (The Local, 2018) is as hot as a mild 

winter day at Brasilia, Brazil. The much-contrasted example above show the importance of climate rec-

ords.  Comparing present climate with past events, in the same region, is a key factor when accessing 

climate variability, one of the main themes of risk hydrology. 

Droughts, one of the extremes studied by risk hydrology, can be divided in four stages: meteorolog-

ical droughts, when climate anomalies happen in a certain region. If those anomalies are sufficient to 

generate a deficit on soil water, agricultural droughts will occur. Then, if the water deficiency is suf-

ficient to reduce the amount of water on streams and ground water, the drought is considered hydro-

logical. Finally, socio-economic droughts can happen, if water demand for uses in the tertiary sector 

and households are not met (Mishra and Singh, 2010; Zargar et al., 2011). Unlike floods, where most of 

the damage occurs due to punctual events occurring in short periods (UNSDR, 2015), droughts will 

occur over a long time, from a monthly scale to a multi-annual scale (Mishra and Singh, 2010; Zargar 

et al., 2011). Therefore, the study of droughts rely on the concept of anomalies (McKee, T. B., N. J. 

Doesken, 1993; Palmer, 1965; Vicente-Serrano et al., 2010; Zargar et al., 2011), i.e. how warm was the 

summer in Sweden when compared to the rest of the time series of Swedish summer. Drought indexes 

are simply tools that allow understanding the degree of dryness or wetness of a certain region in a defined 

period when compared to the rest of the time in the same region. 
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Amongst the more than 100 drought indexes created (Niemeyer, 2008; Zargar et al., 2011), indicators 

such as the Palmer Drought Severity Index  (PDSI- Palmer, 1965), the Standard Precipitation Index (SPI 

-McKee, T. B., N. J. Doesken, 1993) and Standard Precipitation and Evapotranspiration Index (SPEI- 

Vicente-Serrano et al., 2010), stood out as widely used by the scientific community. The PDSI is an 

index based on a water balance model that takes into account precipitation, evapotranspiration and soil 

moisture, hence its applicability to describe hydrological droughts. While the SPI and SPEI are statistical 

models based solely on climate variables: precipitation and temperature. 

Because of their inputs, the SPI and SPEI are often used to access the meteorological conditions of 

a region (Aadhar and Mishra, 2017; Sazib et al., 2018; Törnros and Menzel, 2014; Vicente-Serrano et 

al., 2013; Zeng et al., 2013). One advantage of those two indexes is their flexibility, being able to identify 

climate variations from a monthly to a multi-annual timescale (McKee, T. B., N. J. Doesken, 1993; 

Vicente-Serrano et al., 2010). The second advantage is the input data needed : precipitation and temper-

ature time series that are widely measured around the world, very often for more than 30 years, minimum 

required period for an appropriate analysis (McKee, T. B., N. J. Doesken, 1993). The main difference 

between the two indexes is that the SPI uses only precipitation data, fitting its values to a gamma distri-

bution, while the SPEI uses precipitation and temperature data with values derived from a log-logistic 

regression (Fig. 6). While the first index is simpler to obtain, the use of temperature data allows to 

minimize the interference of global warming present on longer time-series (Vicente-Serrano et al., 

2010), furthermore the SPEI index also performs better than SPI in regions of very scarce precipitation 

such as the Jordan River (Törnros and Menzel, 2014). 

 

 

Figure 6. Difference between calculation of SPEI and SPI 

 

The relationship of probability derived from the distributions of historic records, along with an esti-

mate of the inverse normal allows the fit of any observed event in a normally distributed probability 

function (McKee, T. B., N. J. Doesken, 1993). The number of standard deviations (std. dev) from the 

normal distribution allows quantifying how dry an event has been when compared to the rest of the time 

series (Fig. 7). For instance, 38.2% of all the values in the time series will qualify as normal condition 
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interval between -0.5<std. dev<0.5, while only 2.3% of the data will qualify as extremely dry or ex-

tremely wet values of std. dev<-2 and std. dev>2, respectively (Fig. 7). 

 
Figure 7. Drought classification for the SPEI and SPI method 

3.3. Data Used 

The research was planned to access the climate/vegetation interactions across the region of California. 

The use of spatial distributed data was deemed necessary to accurately describe different phenomena 

that could occur in the region. Because of the region diverse climate and vegetation, two different da-

tasets were used to measure vegetation productivity: the NDVI and the Forest Inventory; and the SPEI 

index was used to represent climate variability(Table 1). 

3.4. Preparation of Data 

i. NDVI anomalies 

Vegetation will often present seasonal variations, with a growth period in spring and reduction of 

productivity in winter. Because the NDVI index is based solely on the combination of bands of an image 

at a certain time, the index will have a yearly trend reflecting this seasonal variation (Fig. 8). The interest 

of this study was to discuss how climate variability influence vegetation. Therefore, this yearly NDVI 

trend was removed allowing the identification of bellow average productivity periods during growth 

season and the reverse during winter. 
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Table 1. Data, origin, information, advantages and disadvantages of the data used. 

 

 

 

 
Figure 8. Example of NDVI time series in a random point sample in California. 

 

Data Origin About the data Use Advantages (+)/Disad-

vantages (-) 

Source 

NDVI Satellite data The NDVI consists of 

measurements of surface 

vegetation coverage ac-

tivity.  The product is 

part of the Climate Data 

Record  Program from 

NOAA. It provides daily 

NDVI data at a resolu-

tion of 0.05°×0.05° from 

1981 to present. 

Used as a 

proxy to 

measure 

vegeta-

tion 

produc-

tivity 

+ Spatial resolution  of 3 arc 

minutes ~3.5  to 4.5km; 

+ Time series available for 

more than 30 yrs; 

-  Only a proxy measurement. 

Vermote, 

Eric; NOAA 

CDR Pro-

gram. (2019) 

Via: Google 

Earth Engine 

Net 

Growth 

Local meas-

urements 

Since 1991, as part of the 

Forest Inventory and 

Analysis research pro-

gram, it has been manda-

tory to collect yearly data 

on the condition, vol-

ume, growth and use of 

trees in Forests in the 

US. The database pre-

sents a variety of infor-

mation about forested ar-

eas, including Net 

Growth.  

Vegeta-

tion 

produc-

tivity in 

forested 

areas 

+ Local measurements; 

+ Measurement of net growth 

is directly related to plant 

productivity (Stephenson et 

al., 2014); 

+ Very high density of points 

available – More than 100.000 

measurements; 

- Measurements are only 

available in forested areas; 

- Data available for a small 

temporal scale (2006 to 2019). 

Forest In-

ventory and 

Analysis Da-

tabase 

(2020) 

SPEI Interpolated 

data of clima-

tological sta-

tions and 

slope models 

A product of gridded 

interpolated climatologi-

cal data from stations in 

the US of very high tem-

poral distribution; and 

estimations of precipita-

tion based on slopes 

models, of very high spa-

tial distribution. It pro-

vides several SPEI time-

scales at a 5 day interval.  

SPEI 

product,  

used to 

access 

climate 

variabil-

ity. 

+ Spatial resolution  of 2.5 arc 

minutes ~3.8  to 3.0km; 

+ Time series available for 

more than 30 yrs; 

+ Density of stations in the 

state of California is very high 

– providing an accurate 

model. 

(Abatzoglou, 

2013) 

Via: Google 

Earth Engine 

Local Maxima between March/April 

Local Minima between October/January 
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First, the daily NDVI indexes measurements were averaged to reflect the mean NDVI in a monthly 

basis. The NDVI monthly anomaly was calculated to remove the seasonal trend. This procedure is 

widely used when comparing vegetation productivity with climate variations (Ji and Peters, 2003; Liu 

et al., 2018; Nanzad et al., 2019; Sazib et al., 2018; Zeng et al., 2013). Considering a time series of Y 

years, the NDVI anomaly at a given month (m) and at a given year (y) will be the mean NDVI (m,y) 

minus the global mean NDVI (m,Y) at the considered month (Eq. 1). 

 
NDVIanomaly(m) = NDVImean(m,y) − NDVImean(m,Y) (1) 

 

As previously discussed, the period for which vegetation is affected by climate is very often longer 

than a month. To represent longer periods, the anomalies of several months were summed together and 

the total anomaly for the period was accessed (Eq. 2). 

𝑁𝐷𝑉𝐼𝑎𝑛𝑜𝑚𝑎𝑙𝑦 (𝑝𝑒𝑟𝑖𝑜𝑑) = ∑ 𝑁𝐷𝑉𝐼𝑎𝑛𝑜𝑚𝑎𝑙𝑦(𝑚)

𝐸𝑛𝑑 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑

𝑆𝑡𝑎𝑟𝑡 𝑜𝑓 𝑝𝑒𝑟𝑖𝑜𝑑

                          (2) 

The NDVI has a well know saturation problem at very high chlorophyll values (Gitelson et al., 1996; 

Haboudane et al., 2004; Mutanga and Skidmore, 2004; Thenkabail et al., 2000).The use of a logarithm 

transformation can improve the accuracy of NDVI to act as a biomass proxy (Wang et al., 2019); hence, 

before the calculations of anomaly, the NDVI values were logged to better reflect vegetation productiv-

ity of the region. 

ii. Net growth data - Interpolation 

Because of the limitations of the NDVI dataset, the Forest Inventory Database was also used as a repre-

sentation of primary productivity. The extensive datasets has point measurements in forested locations 

in the US for the period of 1991 to 2018.  The points have a maximum error of +/- 1 mile (USDA, 2014), 

accurate for the purpose of this study.  

The net cubic foot growth (NG) of a tree in forestland was selected to represent the tree yearly pri-

mary productivity.  Tree growth is a relevant measure of productivity, as tree growth will increase the 

tree productivity (Stephenson et al., 2014). The NG per tree multiplied by the number of trees per acre 

that it theoretically represents will results in the NG per area (USDA, 2014). Oftentimes more than one 

NG values were recorded for the same coordinate, representing different trees at similar locations. To 

avoid outliers, the median NG values at a certain coordinate at a certain year was extracted from the 

database. Furthermore, the measurements of growth were consistently done from 2006 to 2018, period 

considered for the analysis herein. 

An ordinary kriging process was used to interpolate the NG values. The process is a simplification 

of a multiple linear regression, widely used in Geostatistics, that by defining the sphere of influence of 

each measurement by a semi-variogram, estimates values at any given location (Dobesch et al., 2007) . 

The estimation of NG values in California was done by first creating a square grid of points spaced by 
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2.5km.  The NG values were separated by the corresponding year of the measurements. There was a 

mean of 455 values per year, in California (Fig. 9, a); the years of 2006 to 2010 presented significantly 

less values than the series from 2010 to 2018, with mean values of 278 and 567 respectively. Those 

values were used to create an experimental Semi-variogram. A curve was automatically fit to the semi-

variogram of each year, using a Stein model (Fig. 9, b), which was applied in the region, resulting in a 

Krieg raster.  

 

Figure 9. a) Locations of carbon measurements in the region of California and b) experimental and fitted 

semi-variogram using a Stein model for the sample year of 2012. 

iii- Net growth data - Normalization 

The hot deserts regions and the ecoregions of the Central California Valley and California Coastal Sage 

were not considered in the NG analysis. This is a consequence of the small sample size of points to 

interpolate in those regions.  

A skewness analysis of the Kriging data was performed, only 11% of the data presented an absolute 

skewness superior to two (Fig. 10, a), meaning that the majority of the interpolated values were not very 

asymmetric. The Kurtosis was also examined, and 85% the times, was inferior to three, (Fig. 10, b). 

Both measures indicate that the data did not present, most of the times, severe outliers. 

Several sample locations, were taken for a visual analysis of Normality of the data.  The data was 

not normally distributed. Albeit a Kendall correlation was considered and tested, results that are more 

concise were obtained using a Pearson correlation with normalized data. The net growth data was nor-

malized in similar fashion as NDVI, but also considered the standard deviation of the sample (Eq. 3). 

NGanomaly(y) =
NGmean(y) − NGmean 

𝑁𝐺𝜎2
(3) 

Because the time series of net productivity has only 13 years of data, the prediction of extreme values 

will be very imprecise.  For instance if we repeatedly sample a normal distribution with means of 0 and 

standard deviation of 1 with a sample size of 13, the case study herein, values of -2.5 will have a margin 

of error, considering = between -1.55 to -3.62 (Annex A). This error ranges from a 6% probability 

event to a 0.01% probability event a difference of approximately four exponents. Smaller values will 

a) b) 
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have a much smaller margin of error; i.e. values of one will have an error at the same scale considering 

=0.05. To avoid wrong assumption at extreme values, the normalized anomalies were clamped to limits 

of two and minus two.  

 
Figure 10. a) Skewness and b) Kurtosis of the NG Krieg data. a) In red locations where Skewness was above 

2; b) in green: Kurtosis bellow three, yellow: between 3 and 5, red: above 5. 

 

iv- SPEI index 

One of the goals of this study was to identify the timeframe of climate influence on vegetation. There-

fore, measuring climate variations at different timescales was crucial for the study. Simpler alternatives, 

such as, the use of raw climatological data were tested. Short time climate events such as the monthly 

water balance and one monthly lagged water balance were well correlated to NDVI; though, when the 

period was extrapolated to several months, a seasonality problem arises. Low precipitation and water 

balance values during summer and high values during winter and spring, caused problems in the identi-

fication of “dry” winters and “wet” summers. 

Drought indexes such as the SPI and SPEI are very flexible indexes that will fit data in a probabilistic 

distribution, thus accessing how drier or wetter this period has been when compared to the rest of the 

series. Their capability of assessing different timescales of climatic events is very beneficial to study 

climatic impacts on vegetation. The SPI index is older and more established, recommended by the World 

Meteorological Organization (WMO), as the ideal index to access droughts responses (Hayes et al., 

2011). More recently, the SPEI index has revolutionized the field, as it considers climatic water balance 

rather than precipitation. Since 2010, several studies using both SPI and SPEI have shown that the SPEI 

index produces results that are more accurate than SPI (Bachmair et al., 2018; Parsons et al., 2019; 

Stagge et al., 2015a, 2015b; Törnros and Menzel, 2014; Vicente-Serrano et al., 2012). Additionally, 

a) b) 
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rising temperature trends in the region of California in the XX and XXI century (He and Gautam, 2016) 

make the SPEI index a more reliable index to represent climatic variations in the region. 

The only manipulation in the SPEI index was limiting the data to ranges of -3 to 3. This is done 

because the records used to calculate SPEI were limited to less than 40yrs, hence predictions of very 

extreme events are very imprecise (Stagge et al., 2015b). Aiming to identify the length of climate events 

to be considered, several timescales of SPEI were used. The notation follows the standard found in 

references, where SPEI t corresponds to the SPEI of a timescale t, in months.  

3.5. Definition of scenarios  

Scenarios were divided in two types: SPEI vs NDVI scenarios and SPEI vs NG scenarios. 

 

i. SPEI vs NDVI 
 

During periods of water deficit vegetation is  more vulnerable to climate variations (Mitchell et al., 2016; 

Van Mantgem et al., 2009).  Our focus is to identify vegetation responses to past climate during those 

vulnerable periods. Climate of California is divided in two distinct periods, a dry season during the 

summer and a wet season during winters. The dry period in California is usually defined as the months 

of April to October (He and Gautam, 2016; Hereford et al., 2006; Luo et al., 2017). However studies 

have had success in detecting climate and vegetation interaction with varied ranges, with the beginning 

of the dry season varying from march to mid-April (Bates et al., 2006; Bunting et al., 2019). Addition-

ally, the most consistent month with little to no precipitation in the regions has been July (Hereford et 

al., 2006). In the perspective of finding an optimal month to represent climate vegetation interactions in 

California, the months of March to May have been considered as possible starter points for the drought 

season, herein called Starter Month (SM – Fig 12.a).  To access the time that vegetation is affected by 

climate, the anomalies were summed for periods of three, six, nine and 12 months starting at the begin-

ning of SM (Fig. 12.b).  The length of climate events considered to access vegetation was simulated by 

varying the timescale of the SPEI index where one, three, six, nine, 12 and 24 months were considered 

(Fig. 12.c). Furthermore, some scenarios simulated introduced lag between SPEI and NDVI to verify if 

there is a delayed response of vegetation to climate events, the lags considered were of one, two, three, 

six and 12 months (Fig.12.d). It is important to notice that either the climate conditions considered were 

the conditions during SM, for SPEI 1 with no lag; or antecedent conditions, for all SPEI t with some 

lag; or a mixture of both, for all SPEI t, bar SPEI 1, with no lag, totaling 432 scenarios of SPEI versus 

NDVI simulated. 
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Figure 11. Summary of all the variables and scenarios simulated of SPEI X NDVI in this study 

ii. SPEI vs NG 

An additional 162 scenarios were simulated for the SPEI vs net growth correlations. In those simula-

tions, the temporal scale of vegetation is set to a year, period that was considered for the kriging of the 

images. Furthermore, more than 98% of the NG measurements took place after the months considered 

as beginning of the dry year; the measurements done from the months of January to March were removed 

from the analysis to keep the consistency of this work. 

The remaining two variables: length of climate events and possible delayed response of vegetation 

were accessed similarly to the SPEI vs NDVI methodology.  The length of climate events considered 

were the same as in the first analysis, with lengths of SPEI-1 to 24. The possible delayed response was 

accessed more in depth, with monthly intervals from the beginning of the drought season of the same 

year to the beginning of the drought season two years prior to the net growth measurements, totaling 27 

monthly steps.   

3.6. Pixel Based Statistical Analysis 

i. Pearson correlation  

The Pearson’s Correlation between the vegetation productivity and climate variability was used to rep-

resent the relationship vegetation/climate. Besides being a prevalent methodology among researchers 
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(Bunting et al., 2019; Joiner et al., 2018; Nanzad et al., 2019; Vicente-Serrano et al., 2013; Zeng et al., 

2013), during the data preparation several procedures were used to avoid possible bias caused by outli-

ers, as discussed in the previous sections. After transformation, all datasets followed a normal distribu-

tion and were measured in a yearly interval, hence the choice of Pearson’s (Montgomery and Runger, 

2011). 

The Pearson correlation (r) is a simple way of describing the relationship between two variables. It 

ranges between -1 to +1, where -1 indicates perfect inverse correlation and +1 indicates perfect direct 

correlation (Montgomery and Runger, 2011). The study was interested in knowing whether the correla-

tions are positive, that is, climate variability will positively influence vegetation or negative, climate 

variability will negatively influence vegetation.  Hence the choice of r and not the coefficient of deter-

mination (r2).  

ii – Post treatment of data/ Data analysis 

Once all the scenarios were processed, all pixels in the images that did not meet the significance thresh-

old (<0.05) were removed from the analysis. It must be underlined that this study treated positive and 

negative r values as different datasets, given that their physical significance is very difference, that is, 

when r is positive,  climate is directly correlated with vegetation while, when negative climate is in-

versely correlated. 

The study divided the correlations obtained in four different categories: weak correlations, with r 

ranging from ±0.2 to 0.4; moderate correlations from ±0.4 to 0.6; strong correlations from ±0.6 to 0.75; 

and very strong correlations, above ±0.75. 

iii - Tool: Google Earth Engine 

The SPEI and vegetation productivity datasets presented a big data, with very high spatial and temporal 

resolution (Table 1); the volume of data was huge as they were very heavy archives. The time and 

storage it would have taken to download and process the data in a single computer would have been 

significant, hence the choice of the Google Earth Engine (GEE) to analyze the data. GEE is a cloud 

computing interactive platform for geospatial analysis (Gorelick et al., 2017). It provides a programming 

interface that allows processing of the data (Google Earth Engine, 2020a). The platform also hosts a 

variety of datasets, including the SPEI and NDVI datasets used herein. Finally, as the platform is con-

nected to google drive, datasets can also be imported from the computer for further analysis, case of the 

Net Growth data for this study. 

With GEE, the Pearson correlation was performed in a pixel-by-pixel manner, correlating both da-

tasets to one another (Fig. 11). The result is a new image with two bands: one with the Pearson correla-

tion, the other with the two 2-sided p-value test for correlation = 0 (Google Earth Engine, 2020b). A 

significance threshold of <0.05 was applied on each pixel of the image, returning only the pixels where 

r was significant (Fig. 11). Because the platform works with a scale that is defined by the output image 

(Google Earth Engine, 2020c), the analysis has been made without the need of resampling the input 
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images. The output image scale was set to 2500m, resolution superior to the ones of the input images, 

thus not losing quality in the analysis. 

 

Figure 12. Summary of how the pixel-by-pixel correlation is done in Google Earth engine, with the red square repre-

senting one pixel (not in real scale). 

3.7. Population Based statistical Analysis 

Defining the best scenarios based purely on data visualization would have been insufficient, given the 

similarities of some of the scenarios; hence, statistical tools were used to access whether the studied 

scenarios presented a difference and which one was the best scenario. There were four variables in this 

study (presented as a, b, c and d in Fig.12) with two different status: positive (+) and negative (-), totaling 

eight populations for each ecoregion. The samples for each population consists of the data from the 

scenarios that were simulated. For instance, the first population analyzed consisted in the highest posi-

tives correlations for each pixel in the studied drought season months (variable: a, status: +). The three 

samples were the highest correlations in the month of March (Sample 1), April (Sample 2), and May 

(Sample 3).A statistical test was used aiming to define in if the correlations the three samples were 

different and if there was one sample where the correlations were significantly higher. 

Data distribution was checked, and most of the times did not follow a normal distribution, further-

more the number of points in the datasets were uneven, given that some data had more masked values 

than others did. The aim of the statistical analysis was to compare several populations, where each da-

taset was defined as a different population (n). Given the data distribution and objective of the analysis, 

a nonparametric test, which provides a comparison across several populations, was chosen: the Kruskal-

Wallis (K-W) test (Fahoome, 2002; Kanji, 2006; Kruskal and Wallis, 1952; Montgomery and Runger, 

x 
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2011). The test combines, arranges, and ranks the global population(N); e.g. N of  “variable a – status 

+” is equivalent to n-March+, n-April+ and n-May+; the sum of ranked inputs for each n will follow 

a chi-square distribution with an N-1 degrees of freedom (Kanji, 2006; Kruskal and Wallis, 1952). E.g. 

for the variable “variable a – status +” the rank sum of the inputs will follow a chi-square distribution 

of two degrees of freedom.  The null hypothesis (H0): all populations have the same mean was rejected 

for a level of significance bellow 0.05 (<0.05). 

Once the null hypothesis of the K-W test is rejected, it is possible to conclude that the populations 

analyzed do not come from the same distribution, meaning that they are different. Nonetheless, the test 

only confirms that there were differences amongst populations, not necessarily, which populations differ 

(Dunn, 1964). For example, if the K-W test for “variable a – status +” is rejected it means that the 

correlations from the months of March, April and May were significantly different but it does not nec-

essarily mean that the correlations March/April, March/May and April/May were different amongst 

themselves.  

To analyze the differences in-between datasets a Dunn test was performed.  The procedures involves 

a simple rank analysis between two populations of a dataset that is statistically different – H0 from K-

W test rejected (Dunn, 1964). The test is recommended for nonparametric datasets of different popula-

tions (Dinno, 2015), as the case herein. The test is done multiple times for N, accessing each particular 

set of correlations. For instance, in “dry year-positive”, there will be three tests: March/April, 

March/May and April/May. The following H0 is considered for the Dunn test: two populations have 

identical means and distribution, at <0.05. If all the H0 are rejected for the variable accessed, all pop-

ulations are different from each other, and were, therefore, ranked in order of best to worst (Dinno, 2015; 

Dunn, 1964).  

Because the Dunn test involves multiple testing of hypothesis based on a previously defined H0 

rejection of a K-W test, there could be a bias towards type 1 statistical errors, that is, rejection of H0 

even though H0 is true, in the Dunn Analysis. Several method of corrections are available to avoid this 

error; this study used the Benjamini/Hochberg correction method (Benjamini and Hochberg, 1995). 
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4. Results  

 

4.1. Best possible scenarios 

i- SPEI vs NDVI 

In the period studied, in 43% of the total area of California, climate has had both negatives and positives 

impacts in the vegetation of the region. Drier periods will lead to a decrease in vegetation health on 

desert ecoregions. On forested ecoregions, such as the northern coast, drier periods can lead to vegeta-

tion greening. The areas where correlations of both types are significant will usually happen in buffer 

zones, where there is a drastic change of climate and vegetation, e.g., there are negative and positive 

correlations at the border of the ecoregions Mojave basin and Sierra Nevada (Fig.13 a and b). This means 

that depending on the period considered for climate events and vegetation response, drier periods may 

influence vegetation positively and negatively in the same area. E.g., drier periods from March and the 

previous 9 months will decrease vegetation health for the next 3 months, while drier periods in May will 

increase vegetation health for the next month. 29.7% of the California area presented no significant 

positive correlations and 36.8% no significant negative correlations. The percentages discussed hereafter 

will not consider those areas. 

Not only drier periods more commonly will cause a decrease of vegetation health than the opposite, 

but also the positive correlations are stronger than negatives ones, presenting a mean of 0.54 vs 0.49. 

When accessing the direct relationship between droughts and vegetation, most of the area (72%) pre-

sented correlations that were at least moderate, with 24% of the area presenting a good, and 14% pre-

senting a very good linear relationship. The inverse relationship between droughts and vegetation had 

26% of the area presenting weak, 58% moderate, 15% good and 1% very good linear relationship (Fig. 

13 a and b).  Very good positive relationship will happen in most of hot desert ecoregions and in parts 

of cold deserts, while very good negative relationships will happen in a few parts of the Sierra Nevada, 

on high altitudes (Fig. 13 a and b). 
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Figure 13. Best a) positive and b) negative significant correlations for the scenarios simulated – SPEI vs 

NDVI. California, USA. 

 

It is during May that vegetation is more responsive to drought events, with 50.7% of the area pre-

senting the best positives correlations at this month (Figure 14.a.i.).  In most of those locations, the 

response of vegetation is delayed, with SPEI lags of 12 months in 39.0% of the locations that present 

May as best starting month (SM - Fig. 14.a.i and a.iv). Using the month of May as the SM provides the 

best correlation results for most ecoregions of California, the exception being deserts, where a direct 

relationship between vegetation and climatic events happen earlier, during the months of March or April.  

The time that vegetation is affected by droughts, represented by NDVI range, is shorter for the vast 

majority of the region, with periods of 3 months providing the best correlations for 63.8% of the total 

area, and only 12% of the region presenting best correlations on ranges that are superior to 9 months 

(Fig. 14.a.ii). Higher NDVI ranges were almost exclusive to the Central Valley of California and were 

for 83.9% a delayed response for climatic events that happened 12 months prior to the response, that is 

with an SPEI lag of 12 months (Fig. 14.a.ii and a.iv). 

The range of climatic events best fitted to represent the direct impact of droughts in vegetation is 

well distributed along the area (Fig. 14.a.iii). There seems to be three distinct parts in the region: Deserts 

in the south and eastern part, which have the best correlation for climatic ranges of three to twelve 

months, totaling 61.7% of the area. The grasslands, valley and part of Klamath Mountains that present 

best correlation on a timescale of 1 month, equaling to 32.6% of the area. Finally, the Northern Coast, 

a-  b- 
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will present the best correlations for very long climatic timescales, of 24 months (5.7% of the area - Fig. 

14.a.iii) 

As for the possible delayed responses of vegetation to climatic events, or, SPEI lag (Fig. 14.a.iv), 

there is a clear difference among hot deserts, in which vegetation has an immediate response to droughts, 

with the best correlations happening for no lag scenarios, equivalent to 35.9% of the territory. Cold 

deserts and intersection zones will present the best scenarios with 1-month lag (19.6% - of territory) and 

occasionally 2- or 3-months lag (9.2% of territory). Furthermore, locations where the best correlations 

happened for very short SPEI timescale (SPEI-1m) will often present a lag of 12 months, that is, climatic 

events from the same month during the previous year will present a direct relationship to the current 

vegetation greenness. Case of 83.4% of areas that presented 12 months lag (27.0% of territory - Fig. 

14.a.iv).  

Part of the territory also presented significant negatives correlations, that is, the drought season will 

have an inverse effect on vegetation, causing vegetation to become greener. This inverse relationship 

usually consider a short period of climatic events and will influence vegetation for a short period (Fig. 

14.b).  Contrary to positive correlations, the majority happened in forested regions, in ecoregions such 

as the Sierra Nevada, Klamath Mountains, the Northern Coast and the Cascades.  The majority will be 

optimally represented in the month of March (63.8%) or April (31.2% - Fig. 14.b.i). The droughts will 

cause vegetation health to increase for a shorter period. For the vast majority of the territory: 81%, the 

inverse relationship is optimally modelled considering 3 months of vegetation greenness, smallest meas-

ured in this study (Fig. 14.b.ii). The short periods of climatic event are seen in the optimal values for the 

variables: SPEI range and lag. Optimal correlations for short time scales, of one and three months ranges 

represent 79.4% of the territory (Fig.14.b.iii). No lag scenarios are also the best-case scenario for 72.2% 

of territory (Fig.14.b.iv).   

The complete dataset of percentages for each scenario discussed herein is presented in table 2; fur-

thermore, the topic of correlations according to different ecoregions is presented in detail in the section 

4.3 of this document. 

Table 2. Percentage of the area that each variable accounts for best positive (+) and negative (-) correlations 

NDVI 

month 

March April May 

+ 22.9 26.3 50.7 

- 63.8 31.2 5.0 

NDVI 

Range 

3 

months 

6 months 9 months 12 

months 

+ 63.8 22.9 2.9 10.4 

- 81.0 4.7 9.2 5.2 

SPEI 

Range 

1 month 3 months 6 months 9 months 12 months 24 months 

+ 36.6 13.1 26.5 8.8 13.2 5.7 

- 52.2 27.2 6.5 4.7 3.7 5.6 

SPEI Lag 0 m lag 1 m lag 2 m lag 3 m lag 6 m lag 12 m lag 

+ 35.9 19.6 5.8 3.4 8.3 27.0 

- 72.2 4.2 2.4 1.1 13.1 6.9 
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Figure 14. Best fit set of variables for the best significant a) positive and b) negative correlations. Variables 

represented in the order: i- NDVI start, ii-NDVI range, iii- SPEI range, iv-SPEI lag. California, USA. 

 

i – NDVI Start 

iii-SPEI range 

iv- SPEI lag 

ii- NDVI range 

a - Positive b - Negative 
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ii-SPEI vs Net Growth 

More than 90% of the analyzed locations presented at least moderate positive correlations between past 

climatic conditions and net growth, that is, drier periods will lead to a decrease in net growth (Fig. 15). 

Overall, an average of 0.59 for the locations studied.  The region had 39% and 10% of its region where 

the correlations between climate and vegetation were good and very good, respectively. (Fig. 15). These 

correlations were scattered around the region, with higher occurrence in the Western Cordillera, ecore-

gions that presented the strongest average SPEI vs NG correlation, averaging between 0.61 and 0.66 

(Table 3). Cold deserts also presented a good agreement between Droughts and vegetation growth, with 

an average correlation of 0.55 and 0.62 for the Northern and Central Basins. The lowest correlations has 

been found in Mediterranean California, bellow 0.52 (Table 3). 

 

Figure 15. Best positive significant correlations for the scenarios simulated – SPEI vs NG. California, USA. 

Table 3. Average of best positive and negative significant correlations for the scenarios simulated – SPEI vs NG, 

for each ecoregion. California, USA. 

Ecoregion Average Correlation 

Cold Deserts Central Basin 0.62 

Northern Basin 0.55 

Mediterranean California Coast Range 0.52 

Southern and Baja California 0.47 

Western Cordillera Cascades 0.66 

Eastern Cascades 0.62 

Klamath 0.61 

Sierra Nevada 0.61 
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4.2. In depth study of the occurrence of significant correlations in different 

scenarios of SPEI vs NDVI 

In addition to the study of the best possible correlations in California and the specific scenario where 

this correlation happens, a detailed approach was performed; to differentiate the areas where multiple 

significant correlations occurred (Group 1) and areas where the correlations are significant only for a 

specific scenario studied (Group 2). 

For positives correlations, the first group corresponds to approximately 70% of the correlated area, 

and is located majorly in the southern region of California, and in the cold deserts located in the north-

eastern regions (Fig. 16).  More than 50% of these locations will present significant correlations no 

matter the beginning of drought months or the range of NDVI and SPEI considered. This means that in 

these regions drier periods of 1 month to two years, whether considering an early drought, in March or 

a later one, in May, will be correlated to vegetation greenness for the following 12 months (Fig. 16. a, b 

and c and Table 4). The remaining locations that presented correlations for more than one scenario, often 

presented significant correlations for shorter ranges of NDVI and SPEI, meaning that climate impacts 

and vegetation responses are shorter in these locations. The variable SPEI lag presented a significantly 

smaller common area, of 21.5% (Table 4). This happened because the majority of the region did not 

present significant correlations for periods of 12 months lag, showing that climatic events happening 

right before the start of the dry season play an important role in vegetation greenness during the same 

year. Approximately 50% of the region presented significant correlations for more than one SPEI lag 

scenario (Fig. 16. d), oftentimes, representing events close to the drought season, or the scenarios of 0, 

1, 2 and 3 months lag. 

The remaining 30% of area presented unique correlations, usually scattered in forested and grassland 

regions of California. One notable pattern stood out. Approximately 15% of the area presented signifi-

cant correlations in the month of May, for SPEI ranges of 1 month and a lag of climatic events of 12 

months (Fig. 16. a, c, d). This area is located mostly on grasslands and the Californian Central Valley. 

This study will not focus on exploring this relationship. 
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Figure 16. Unique and common locations with significant positive correlations of SPEI vs NDVI. All scenar-

ios are locations where all considered scenarios presented significant relationships between SPEI and NDVI. 

While +1 scenario are locations where more than one scenario presented significant correlations 

Table 4. Percentage of unique and common locations with significant positive correlations of SPEI vs NDVI, for 

each represented scenario 

NDVI month March April May       Common area 

Total of area 64.8% 72.2% 91.6%       
57.5% 

Unique Area 4.0% 3.2% 21.7%       

NDVI Range 
3 

months 

6 

months 

9 

months 

12 

months 
      

Total of area 84.9% 84.5% 68.3% 69.7%     
55.7% 

Unique Area 7.5% 4.7% 0.4% 4.1%     

SPEI Range 1 month 
3 

months 

6 

months 

9 

months 

12 

months 

24 

months 
  

Total of area 90.2% 69.2% 70.0% 65.8% 64.8% 59.9% 
51.4% 

Unique Area 19.2% 1.8% 0.9% 0.4% 0.2% 2.2% 

SPEI Lag 0 m lag 1 m lag 2 m lag 3 m lag 6 m lag 12 m lag   

Total of area 66.2% 67.7% 63.2% 60.7% 57.3% 55.4% 
21.5% 

Unique Area 0.4% 0.8% 0.3% 0.6% 3.7% 18.8% 

 

Negative correlations will happen mostly on mountainous regions, in grassland and at the coast. 

These correlations will mostly occur on shorter timeframes with SPEI-1 with zero lag and NDVI 3 

months covering the majority of the area, representing more than 10% of the unique areas in the image 

(Table 5, Fig. 17. b, c, d). As in positives scenarios, periods with more than 6 months of lag also repre-

sented a notable portion of group 2 correlations, covering more than 10% of unique areas in California, 

scattered in desert regions and in southern California coast (Table 5, Fig. 17. d). The results also showed 

that a bigger portion of the area presents negative correlations between SPEI and NDVI when an early 

dry season, in March, is considered (Table 5, Fig. 17. a).  
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As in positive correlations, group one correlations were the majority, corresponding to approximately 

60% of the correlated area (Table 5, Fig. 17). Majorly in the central and northern region of California. 

There are significant correlations independent of when the start of the drought season is considered 

(March, April or May). The time that vegetation is affected or NDVI range has also shown great ampli-

tude of values, with 3 to 12 months presenting significant correlations for those regions (Table 5, Fig. 

17. a, b). In these regions, droughts have an inverse relationship to vegetation greenness when the peri-

ods of climatic events considered is short, with SPEI ranges of 1 and 3 months having the more signifi-

cant portion of the area. Furthermore, no lag or 1 month lag between climate and vegetation are also the 

better indicators to predict those inverse relationships (Table 5). 

 

Figure 17. Unique and common locations with significant negative correlations of SPEI vs NDVI. All sce-

narios are locations where all considered scenarios presented significant relationships between SPEI and 

NDVI. While +1 scenario are locations where more than one scenario presented significant correlations 

 
Table 5. Percentage of unique and common locations with significant negative correlations of SPEI vs NDVI, 

for each represented scenario. 

NDVI 

month 
March April May       Common area 

Total of area 94.4% 71.5% 46.5%       
42.1% 

Unique Area 25.1% 2.5% 2.1%       

NDVI Range 3 months 6 months 9 months 12 months       

Total of area 92.4% 67.7% 65.2% 55.1%     
44.5% 

Unique Area 19.5% 0.6% 1.8% 1.8%     

SPEI Range 1 month 3 months 6 months 9 months 12 months 24 months   

Total of area 88.2% 78.0% 61.8% 59.0% 56.1% 34.3% 
26.4% 

Unique Area 12.2% 3.0% 2.2% 0.2% 0.1% 3.1% 

SPEI Lag 0 m lag 1 m lag 2 m lag 3 m lag 6 m lag 12 m lag   

Total of area 83.3% 60.6% 55.7% 46.8% 38.4% 21.3% 
6.7% 

Unique Area 15.2% 0.1% 0.3% 0.3% 8.1% 3.1% 
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4.3. The difference of climate vegetation interactions in the Ecoregions of 

California 

i- SPEI vs NDVI - Positive correlations 

Seven ecoregions presented significant positive correlations. All locations with desert climate along 

with the majority of Mediterranean ecoregions, the only exception being the coastal range.  

Vegetation productivity is more dependent to climate in hot deserts, where an average correlation of 

above 0.6 was found (Fig. 18). Furthermore, the Mojave Basin presented correlations that were system-

atically higher than the Sonoran Desert, with means of 0.70 and 0.64 respectively. Cold deserts presented 

the second highest average correlation, with values of 0.54 in the Central Basin and 0.52 in the Northern 

Basin. The amplitude of values in cold deserts was higher, with a 0.2 variation among the 25th and 75th 

quantile (Fig. 18). Mediterranean regions usually presented lower correlation between climate and veg-

etation with the Coastal Sage averaging 0.50 and the Central Valley 0.43. The exception was the ecore-

gion of Southern and Baja California with mean correlation values of 0.54. The Coastal Sage was the 

region that presented the highest amplitude, with a 0.24 difference among 25th and 75th quantile (Fig. 

18). 

The highest correlation for the majority of the ecoregions happened in May, that is, the interaction 

between climate and vegetation is more noticeable when a late drought season is considered. The ex-

ceptions are the ecoregions classified as hot deserts, where an early drought season occurs, in March for 

the Sonoran Desert and April for the Mojave Basin (Fig. 19, a).  

 



 

31 

 

 

Figure 18. Boxplot distribution of best positive significant correlations of SPEI vs NDVI according to the 

ecoregions of California. 

Regarding vegetation responses, all ecoregions with significant correlations, presented a relatively 

short response, with 3 or 6 months as the highest correlated scenarios. The ecoregions covered with 

desert vegetation such as the Sonoran Desert, Mojave Basin and the Central basin presented a higher 

correlation for the shorter response possible, with Rs of 0.64, 0.70, 0.54 respectively.  Ecoregions with 

taller or cool season vegetation such as the Northern Basin, Coastal Sage and Southern and Baja Cali-

fornia presented little difference between a vegetation response of 6 and 3 months (Fig. 19, b). 

With the exception of the California Valley, all ecoregions presented the best correlations when con-

sidering a climate range of 6 to 12 months. Hot deserts presented a better correlation when climate 

ranges of 6 months are considered; cold deserts and Mediterranean regions seem to present better cor-

relations when longer climate periods are considered. However, for most ecoregions there is little dif-

ference between considering 6 to 12 months of climate ranges (Fig. 19, c). 

A delay of vegetation response to climate of up to two months is ideal to represent the interactions. 

Cold Deserts are the ecoregions that present better correlation for higher lags, of two months. Hot De-

serts, the Coastal Sage and Southern and Baja California Pine-Oak mountains, present better correlations 

for either 0 or 1 month of lag (Fig. 19, d). 

The Central Californian Valley presented significant correlations for a short SPEI range of 1 month 

and very long SPEI lag of 12 months (Fig. 19, c and d). Usually these correlations presented very low 

R when compared to other ecoregions.  
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Figure 19. Box plot distribution of best positive significant correlations of SPEI vs NDVI according to the ecoregions (i to viii) and the different scenarios analyzed: a)NDVI 

start, b)NDVI Range, c)SPEI range, d)SPEI lag.
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ii- SPEI vs NDVI -Negative correlations 

Ten ecoregions presented significant negative correlations: all regions in the Western Cordillera the 

Mediterranean California and Cold Deserts. In the purpose of visualization and discussion, these abso-

lute values of the correlations will be considered in the analysis (Fig. 20). 

 

Figure 20. Boxplot distribution of best significant negative correlations of SPEI vs NDVI according to the 

ecoregions of California. 

The Western Cordillera was the location where the stronger inverse correlations of climate and veg-

etation happened. The three highest inverse correlations were found in those ecoregions, with means of 

0.59 in the Sierra Nevada and 0.52 in the Klamath Mountains and in the Cascades (Fig. 20). The ampli-

tude of values was considerably smaller when compared to the direct correlations, with the Central Basin 

being the only ecoregion that presented an amplitude higher than 0.20 between the 25th and 75th quartile. 

The difference among 25th and 75th quantiles in all other regions were smaller than 0.15, being the small-

est in the Northern Basin, of only 0.09; the cold desert was also the ecoregion with weakest inverse 

correlation between vegetation and climate (Fig. 20). The four Mediterranean California ecoregions 

presented a very similar boxplot. The Coastal Sage, Southern and Baja California Pine Oaks and Central 

Valley presented similar values to their 25th, median and 75th quantiles, differing of only 0.01. The Coast 

Range presented an overall better inverse correlation between vegetation and climate (Fig. 20). 

The Ecoregions of the Western Cordillera and Coastal Range are the only ecoregions where signifi-

cant correlations happen in several timescales of SPEI, NDVI and different SPEI lagging periods (Fig. 

21. b, c and d).  

The best starting month for the analysis of negative relationships between climate and vegetation 

varied from either March or April. Cold Deserts only presented significant correlations in the month of 
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March. The other eight ecoregions presented no visible pattern, with 50% of the Cordillera and Medi-

terranean ecoregions presenting better results in March and the other 50% in April (Fig. 21. a). Further-

more, the negatives correlations are systematically better for short vegetation response periods, with 

better correlations happening for NDVI-3 in all scenarios (Fig. 21. b). 

Short ranges of SPEI are the only fit for half of the ecoregions: Coastal Sage, Southern and Baja 

California, Central and Northern Basin only presented significant results at SPEI-1, while the Central 

Valley had results for SPEI-1 and 3. The Sierra Nevada and Klamath Mountains also presented better 

results for SPEI-1 and 3 whilst also having significant correlations for other ranges. The Cascades, East-

ern Cascades and Coastal Range have similar correlation values for ranges of SPEI-1 to 12, with slightly 

better values for SPEI 12 (Fig. 21. c). Finally, using scenarios with no lag resulted in significantly better 

negative correlations (Fig. 21. d), it is also noteworthy to mention that there were no scenarios were a 

12-month lag presented significant correlations. 

iii- Pixel Based Statistical Analysis 

For all the scenarios studied the null hypothesis of the K–W test were rejected, meaning that the different 

scenarios studied were statistically different. The detailed values of the K-W test and the z and p scores 

of Dunn post-hoc can be found in Annex B. 

The tests confirmed the results of the ecoregions analysis for hot deserts, that is, they present an early 

drought season, short vegetation response and climate influence of up to six months with no lag between 

vegetation response and climate events. The tests have also shown that other ecoregions present a late 

drought season, with the best response happening in May.  Though there is much more ambiguity for 

the other three variables in Cold Deserts and in Mediterranean California (Table 6).  

 

Table 6. Summary of the best possible scenarios for positive correlations for each variable according to the z 

scores of the statistical tests, in red scenarios where the null hypothesis was not rejected. 

Ecoregion 
Best Possible scenarios Average 

Correla-

tion NDVI Start NDVI Range SPEI Range SPEI Lag 

Hot Deserts 
Sonoran Desert March 3 6 0 0.64 

Mojave Basin April 3 6 0 0.7 

Cold Deserts 
Central Basin May 3 6 or 9 1 or 2 0.54 

Northern Basin May 3 or 6 6 or 9 1 or 2 0.51 

Mediterranean 

California 

Coastal Sage May 3 3 or 6 0 0.5 

Southern and Baja 

California 
May 3 or 6 6 to 12 0 or 1 0.54 
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Figure 21. Box plot distribution of best positive significant correlations of SPEI vs NDIV according to the 

ecoregions (i to x) and the different scenarios analyzed: a) NDVI start, b) NDVI Range, c) SPEI range, d) SPEI 

lag. 
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In both Cold Desert ecoregions the null hypothesis of the Dunn test for SPEI6 and SPEI9 could not 

be rejected meaning that both could have been the product of the same sample; therefore, both could 

represent the best possible scenario in those regions. It is also clear that the relationship between vege-

tation and climate in cold deserts is best represented with one or two month lags, with no clear best 

scenario among those two. Finally, the Northern Basin also showed ambiguous results for NDVI range, 

with no best scenario between 3 and 6 months of vegetation response (Table 6). 

The region of Mediterranean California presented an even greater amplitude of best possible scenar-

ios. With climate events of three (only in the Coastal Sage) up to 12 (Southern and Baja California) 

months influencing vegetation in those regions. Furthermore, in Southern and Baja California the sce-

narios NDVI-3 and NDVI-6 and lags of 0 and 1 month also presented a null hypothesis that could not 

be rejected (Table 6). 

The Dunn test on negative correlations helped confirming the pattern identified when analyzing the 

ecoregions. The correlations happen early in the drought season, in either March or April; for a short 

vegetation range of three months; with also short climate ranges of 1, in most cases, or 3 months; no lag 

also represented unanimously the best possible scenarios of negative correlations. The null hypothesis 

for the Dunn test was accepted in three scenarios: the best starting month in Mediterranean California 

could be either March or April; and climate events of either one or three months could be used for the 

region; finally, the Cascades also presented ambiguous results for SPEI-1 and SPEI-3 (Table 7). 

Table 7. Summary of the best possible scenarios for negative correlations for each variable according to the z 

scores of the statistical tests, in red scenarios where the null hypothesis was not rejected. 

Ecoregion 
Best Possible scenarios Average Corre-

lation NDVI Start NDVI Range SPEI Range SPEI Lag 

Cold Deserts March 3 1 0 Lag -0.48 

Mediterranean California March/April 3 1 or 3 0 Lag -0.46 

The western Cor-

dillera 

Cascades April 

3 

1 or 3 

0 Lag 

-0.52 

Eastern Cascades March 1 -0.45 

Klamath mountains April 1 -0.52 

Sierra Nevada March 3 -0.59 

iv- SPEI vs Net Growth 

In the eight regions studied, the positive correlations of climate conditions and net growth of plants is 

more perceptible during the autumn seasons. Generally, the use of a very large climate range of 9, 12 or 

24 months provided stronger correlations between plant growth and climate (Fig. 22). 

In cold deserts, two patterns were identified. The first: the autumn of the previous year will have a 

weak to moderate influence on the net growth of plants for the following year. This pattern happens for 

a short climate range, being noticeable especially for the SPEI range of 1 in the Northern Basin, where 

more than 50% of the area presented at least a moderate correlation between SPEI and NG (Fig. 22. c; 

ii).  The second pattern also occurs in autumn, considering climate events from two to four years prior 

to net growth measurements. The correlation of SPEI-24 considering a lag of two years (autumn+2), is 
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at least moderate for more than 80% of the central basin area and for more than 50% of the northern 

basin; furthermore, this correlation is strong for 40% of the region in the central basin (Fig. 22. g; i and 

ii).  

The Coast Range NG is influenced by the autumn, summer and spring seasons two years prior to the 

measurements. This is observable as approximately 50% of the area is at least moderately correlated to 

SPEI-6 in the autumn, SPEI-3 in the summer and SPEI-1 in the spring (Fig 22 g, h and i; iii). The 

measurements considering the three seasons: SPEI-6/autumn+2 provided the best results as a larger 

proportion of the area presented strong (20%) and very strong (5%) correlations (Fig. 22 g; iii). 

Southern and Baja California was the region that presented the weakest positive correlations between 

SPEI and NG. Both autumn seasons and summer two years prior to the measurements, considering 

shorts SPEI timescales of one and three months provided the best results for the interaction SPEI/NG. 

More than 50% of the area presented at least weak correlations SPEI-1 and 3 during both autumn seasons 

and SPEI-1 during summer (Fig. 22 c, g and h; iv).  

Similar to Cold Deserts, the Cascades and Sierra Nevada presented two local maxima for SPEI-NG 

correlations, during both autumn season measurements.  The climate of the 24 months prior to the au-

tumn will influence NG of the following year. This is the case for the majority of the Cascades region, 

where 60% of the area presented at least a moderate correlation between SPEI-24 and NG (Fig. 22 c; 

v); for a smaller proportion of the area, the same pattern is noticeable in the Sierra Nevada Ecoregion 

(Fig. 22 c; viii).  In the autumn season two years prior to NG measurements, the Cascades presented a 

large proportion of the area with at least moderate correlation for the SPEI timescales of 12, 6, 3 and 1 

(Fig. 22 g; v). Those results represent a climate time range that is within the previously described cor-

relation, between SPEI-24/autumn-1. Contrary to the Cascades, the Sierra Nevada presents the best cor-

relations for SPEI-24 from the autumn of two years prior to the measurements (Fig. 22 g; viii), repre-

senting a larger climate time range than the first local maxima. 

The Eastern Cascades and Klamath Mountains presented the best SPEI/NG correlations for shorter 

climate time ranges during the autumn prior to measurements. In the Eastern Cascades ecoregion, the 

autumn of the previous season will be the main driver of NG, with a great part of the region having at 

least moderate (60%) and at least strong (20%) correlations (Fig. 22 c; vi). A similar pattern can be 

found in the Klamath Mountains, with 55% moderate and 15% strong correlations between SPEI1 and 

NG. In additions to this pattern the ranges of SPEI-6 and 9 have also strong and moderate correlations 

for approximately 50 and 15% of the area respectively (Fig. 22 c; vii).  Therefore, not only autumn but 

also summer and spring of the previous year could influence NG the following year, results that are 

supported by SPEI-6/summer-1 and SPEI3 and 1/spring -1 correlations (Fig. 22 d and e, vii). Finally, 

the Eastern Cascades also had a significant proportion of its area with at least moderate correlations 

between short range SPEI, of 3 and 6, and the spring two years prior to the NG measurements (Fig. 22 

i; vii). 
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Figure 22. Heat map of the fraction of area where there are positive correlations between SPEI and NG in the different scenarios studied. 
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5. Discussion 

 

The high correlations in hot desert ecoregions corroborates with previous findings. Results in the Son-

oran Desert and Mojave Basin match previous studies done in the region, which found optimal correla-

tions between SAVI and SPEI for SPEI6 during the months of October to March (Bunting et al., 2019). 

At a global scale, shrubs and/or arid climates are usually the locations where climate variability presents 

the highest influence on vegetation productivity (Chen et al., 2013; Vicente-Serrano et al., 2013).   

The vegetation in those deserts are very dependent on cool season precipitation, from the months of 

October to April  (Hereford et al., 2006). The inter-annual variations of precipitation will be key drivers 

of vegetation productivity (Hereford et al., 2006; Sponseller et al., 2012), which explains the high cor-

relations found in this study, of 0.70 for the Mojave Basin and 0.64 for the Sonoran Desert. The response 

to climatic events have also shown to be immediate, with 0 months of lag being the best modelled sce-

nario. Similar results have been found in the South-African Savannah (Sazib et al., 2018) and in the 

Jordan river (Törnros and Menzel, 2014) 

Climatic factors were able to explain 0.54 and 0.51 of vegetation variations in the Central and North-

ern Basin. These cold deserts, present vegetation that are very similar to hot deserts, with a variety of 

bushes covering the territory (Wiken et al., 2011). The four deserts of California present a very similar 

Leaf Area index, usually inferior to two (Baldocchi et al., 2019), another indicator of similar vegetation. 

The major difference in vegetation between hot and cold deserts was the dominance of sagebrush veg-

etation in the latter, a species resilient to climate perturbations (Bates et al., 2006), which could explain 

the lower correlation to climatic factors in cold deserts. 

Although higher than hot deserts, cold deserts present a low mean annual precipitation of 271mm 

and 361mm  (Wiken et al., 2011). The timing of precipitation in those regions is a determinant factor 

for vegetation productivity. Increased winter precipitation results in an increase of plant productivity 

during summer (Bates et al., 2006; Germino and Reinhardt, 2014).  The results presented herein, point 

to positive correlations between SPEI-6 and 9 of March, encompassing winter and autumn months, to 

vegetation productivity in the summer months, from May to July in the Central Basin and May to Oc-

tober in the Northern Basin. 

Other climatic factors, such as a lower annual mean net radiation  (Baldocchi et al., 2019) and colder 

temperatures (Wiken et al., 2011) could be important factors influencing Northern and Central Basins 

vegetation productivity. In colder climates, higher temperatures during winter result in an increase in 

sagebrush growth (Harte et al., 2015; Kleinhesselink and Adler, 2018) . In particular, the date of snow-

melt is able to explain a large portion of Sagebrush variability (Harte et al., 2015). This could explain 

the negative correlations amongst SPEI1 from March and vegetation productivity from March to May, 

as higher temperatures would mean lower SPEI and higher productivity. 
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The western cordillera ecoregions presented the highest average negative correlations of the study. 

These locations also corresponds to the wetter and colder ecoregions of California (Wiken et al., 2011). 

As in cold deserts, earlier snowmelt and Snowpack depth could positively influence forest productivity 

(Dunne et al., 2003; Grippa et al., 2005; Trujillo et al., 2012). The negative correlations can also be 

explained by the increase in the temperature in drier periods, which could increase actual evapotranspi-

ration in colder regions, factor directly correlated CO2 accumulation and vegetation productivity 

(Goulden et al., 2012). Hence, years where winter temperatures are warmer and, consequently, SPEI is 

lower, will have a higher vegetation productivity during the summer, explaining the negative correla-

tions found in those regions. 

These results do not stand at a broader timescale, as the majority of the area in the Western Cordillera 

presented at least moderate positive correlations between larger timescales of SPEI and Net Growth.  

Even in temperature and solar radiation limited regions, longer and stronger periods of heat stress can 

cause tree mortality and a decrease in net productivity of a forest (Allen et al., 2010).  The region of 

California suffered a one in 1000 years drought during the years of 2012-2014 (Griffin and Anchukaitis, 

2014). The severe drought caused a depletion of groundwater sources (Harlow and Hagedorn, 2018; 

Wang et al., 2016) and severely influenced vegetation. From 2012 to 2015 the forests of the western 

cordillera have seen a progressive water loss in canopy water (Asner et al., 2016).  In this period, it has 

been noticed that long-term climatic events, represented by larger timescales of SPEI, will influence 

groundwater recharge in the following year (Wang et al., 2016). The influences on vegetation can occur 

at an even longer timescale, with water losses at canopy scale occurring mostly in the latter years of the 

drought (Asner et al., 2016).  

The lag between climatic events and vegetation net growth is visible; the ecoregions of the Sierra 

Nevada, Cascades and Eastern cascades present most of the area with optimal correlations occurring 

with a time lag of 2 years between climatic events and vegetation response. The Klamath Mountains 

presented a quicker response, with a one-year lag between climate and vegetation response. (Saksa et 

al., 2017) had previously reported a lag term of one year between annual evapotranspiration and vege-

tation across locations in the Sierra Nevada.  

The ecoregions of Mediterranean California presented, when statistically significant, the lowest cor-

relations between vegetation and climate. These ecoregions are heavily modified by anthropogenic 

changes. The central valley has the majority of its area occupied by agriculture; The Coastal Sage is a 

heavily urbanized area where most of the Californian population is located; while Southern and Baja 

California and the Coast Range are locations that are heavily utilized for logging and timber companies 

(Wiken et al., 2011).  For instance, during the 2012-2014 drought, most of the agriculture in the central 

valley used groundwater pumping, in the occurrence of water shortage (Lund et al., 2018). Additionally, 

most of the urban landscape and surroundings is heavily modified and shaped based on past droughts 

events. Reservoirs and other hydraulic structures make those regions more prepared to possible droughts 

(California Department of Water Resources, 2015). 
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Although not in the scope of this study, quantifying the impacts of climate variability in highly human 

modified areas could be done by the use of different databases, as done by Parsons (2019), in the UK, 

using a qualitative drought dataset and by Stagge (2015), in Europe, using the European Drought Impact 

report Inventory. 

It is expected that, with climate change there will be an increase in the frequency and severity of 

droughts across North America, mainly driven by an unprecedented increase in temperatures during the 

summer (Zhao et al., 2020). This could severely affect the natural vegetation of California. It is expected 

that semi-arid areas, case of the Californian hot and cold deserts, to have their ability to act as CO2 sinks 

decreased, leading to further positives feedbacks in climate (Huang et al., 2017).  

In the western cordillera this study showed that drier periods could lead to vegetation greening. This 

finding is in accord with trends of global greening caused by the overall increase in global temperature 

across the decades (Kong et al., 2017; Nemani et al., 2003; Zhu et al., 2016). However, this study also 

showed that longer periods of plant stress could lead to the decrease of tree growth for the following 

years. The changes in phenology and forested ecosystems (Bartholomew et al., 2020; McDowell et al., 

2020) could be enhanced by a warming climate. In the Sierra Nevada, in a 3ºC warming scenario the 

earlier snowmelt could cause a decrease in evapotranspiration by 40%, leading to further plant stress 

(Tague and Peng, 2013). 

  



 

42 

 

6. Conclusion  

 

California presents a wide variety of climates and vegetation. The important findings prevenient of this 

study were organized by ecoregions. The climate-vegetation interactions in the different ecoregions of 

California have been highlighted in figure 23.  
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Figure 23. Vegetation-climate interactions in different Californian biomes (Figs from:Sampson and Jespersen, 1963)  
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Appendix A. Google Earth engine and R code 

All the code used in this project has been made available at: https://github.com/felipef93/Thesis 
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Appendix B. Kruskal Wallis and Dunn Test results 

In this annex, you will find all the Z scores, P scores and Bonferoni adjusted Ps. 

Positive Correlations 
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Negative Correlations 
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