


 
 

ABSTRACT 

Sensitivity of Biogenic Volatile Organic Compound Emissions to 

Variation in Climatological Factors Affected by Drought 

 by 

Erin M Chavez-Figueroa 

Drought is expected to increase in both intensity and duration in our 

changing climate.  However, the combined effects of drought conditions on the 

emissions of biogenic volatile organic compounds (BVOC) from vegetation are 

uncertain due to contradictory responses to the individual drought components. 

While increased temperature causes an increase in emissions, for instance, low 

enough soil moisture causes a decrease. This study therefore explored the impacts 

of variations in individual climate conditions on BVOC emissions. The sensitivity of 

BVOC emissions to leaf area index (LAI), photosynthetically active radiation (PAR), 

temperature, and precipitation were assessed using both ground measurements and 

the model MEGAN. While variations in PAR and LAI were less important than 

temperature in explaining variation in BVOC emissions, the choice of input data 

proved important. Satellite PAR produced lower isoprene emissions estimates than 

PAR generated by the meteorological model WRF. Higher resolution LAI data 

produced more spatial variability in isoprene emissions estimates. Drought was not 

found to correspond well to BVOC emissions, with temperature providing a much 

better predictor of emissions at a given location.
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Chapter 1 

Introduction 

1.1. Nitrogen Oxides, Volatile Organic Compounds, and 

Atmospheric Pollutant Formation 

Ozone and particulate matter (PM) are two of the six criteria pollutants 

regulated by the United States Environmental Protection Agency (USEPA) under the 

National Ambient Air Quality Standards (NAAQS). Ozone is not emitted but rather 

forms in the atmosphere due to photochemical cycling of volatile organic 

compounds (VOC) and carbon monoxide with nitrogen oxides (NOx). Because ozone 

is not directly emitted, controlling ozone requires controlling the precursor 

emissions of NOx and VOC. Ozone responds in a nonlinear way to changes in NOx 

and VOC emissions (Xiao et al. 2010), meaning that ozone control requires balancing 

regulation of NOx and VOC emissions for the specific conditions found in a given 

region. 
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NOx and VOC come from both anthropogenic and biogenic sources. The main 

source of anthropogenic NOx is fossil fuel combustion. Biogenic NOx is produced by 

microorganisms living in the soil. Another natural source of NOx is lightning. 

Anthropogenic VOC also comes from combustion, as well as from leaking chemical 

storage, or volatilization during industrial processes. Biogenic VOC (BVOC) can be 

emitted by both microbes and by vegetation. My work will focus on BVOC emissions 

from vegetation. BVOC emissions account for at least 70% of total US VOC emissions 

(USEPA 2005). There are large uncertainties in biogenic emissions estimates at the 

regional level that still need to be addressed. Modeling is the dominant method for 

determining BVOC emissions. Both the assumptions underlying biogenic emissions 

models and the quality of the input data chosen lead to uncertainty in the model 

output. The current research will focus on the input data. 

PM is both emitted directly and formed in the atmosphere. Large amounts of 

primary PM is emitted from smokestacks and fires. Primary biological aerosol 

particles are released by vegetation. While the pollen and spores are relatively large 

and settle rapidly, approximately 1/5th of the total particles at 0.25  to 1 μm in the 

upper troposphere are airborne bacteria (DeLeon-Rodriguez et al. 2013). Vegetative 

emissions therefore affect PM concentrations both directly with shedding of pollen, 

spores, dust, and bacteria; as well as indirectly as biogenic VOCs are degraded to 

daughter compounds that have different vapor pressures from the parent 

compound, which then condense into a particle phase. 
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1.2. Biogenic Emissions 

There are many chemical compounds emitted by vegetation. Due to the 

diversity in chemical composition and emission patterns, the chemicals are grouped 

into general categories. The current study will focus on isoprene, monoterpenes, 

and sesquiterpenes. Isoprene is emitted at the highest rate globally as compared to 

other compounds, with very high emissions in the Amazon, the African jungle, and 

the forests in the Southeast United States (Guenther et al. 2006). A preponderance 

of evidence indicates that isoprene is emitted by vegetation as a protection from 

heat stress (Sharkey et al. 2008). Plants produce isoprene as a product of either 

photosynthesis or photorespiration, so that isoprene emissions are sensitive to both 

temperature and to light. Isoprene degrades rapidly in the atmosphere to other 

compounds, including formaldehyde, which can be measured by satellite. The biome 

of a region (Figure 1.1) plays a large role in the level of isoprene emissions, with 

forested areas in hot regions showing higher emissions. Over the continental US, 

isoprene emissions are highest in the southeastern forests (Figure 1.2). 

Monoterpenes are emitted globally at rates an order of magnitude less than 

isoprene, but can play an important role in regions that have high emitters. In the 

continental US, monoterpene emissions follow similar spatial patterns as isoprene 

emissions (Figure 1.2) with highest emissions in the southeastern forests. The 

Pacific NW, however, shows elevated emissions of monoterpenes but not of 

isoprene. While the abundant pine trees emit a wide variety of monoterpenes, the 

tree species have not evolved into high isoprene emitters since the temperatures are 
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moderate and heat stress protection is less necessary (Sharkey et al. 2008). 

Monoterpenes appear to protect plants from herbivores (Spinelli et al. 2010). 

Because monoterpenes are accumulated on leaves and in glands, emissions are 

affected by the volatility of the compound, which changes with temperature and 

light. Leaf damage also plays a role, since sacs of monoterpenes can be broken when 

leaves are damaged, releasing their insecticide. Monoterpenes are produced during 

the night as well as during the day, but nighttime emissions are generally orders of 

magnitude less than daytime emissions (Arneth et al. 2008). 

Sesquiterpenes are emitted in very small quantities, and are difficult to 

measure due to their high reactivity and low vapor pressure (Duhl et al. 2008). 

Therefore, the causes of sesquiterpenes emissions are not as well studied as those 

for isoprene and monoterpenes. Emission rates are more dependent on temperature 

than on light, however emission response curves have been shown to vary greatly 

from specimen to specimen in the same light and temperature conditions (Duhl et 

al. 2008). Sesquiterpenes have been shown to be effective at increasing plant 

resistance to pests (for instance, Frelichowski and Juvik 2001), and herbivory can 

lead to an increase in emissions, likely by breaking storage compartments within 

cells (Maes and Debergh 2003).  

While biogenic emissions may lead to some natural production of ozone, it is 

when these emissions are combined with anthropogenic emissions that ambient 

ozone rises to unhealthy levels. High or low BVOC emissions increase sensitivity of 

ozone production to changes in NOx or VOC emissions, respectively (Cohan et al. 
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2005; Lin et al. 1988). BVOC have a large impact on the oxidative capacity of the 

atmosphere (Zimmerman 1978). Oxidation products of isoprene, monoterpenes, 

and sesquiterpenes often have lower volatilities than the parent species, which 

causes partitioning to the liquid or solid phase and a subsequent increase in 

particulate matter (PM) (Berg et al. 2013). 

 

Figure 1.1 Biome distributions in the USA from MODIS Land Cover Dataset 

(MCD12Q1) for 2006 using Land cover Type I, which is the 

classification system used by the biogenic emissions model 

MEGAN. Biome influences the amount of BVOC emission as well as 

the vegetation response to drought. 
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Figure 1.2 July 2007 emissions average daily total of isoprene (left), 

monoterpenes (right), and sesquiterpenes (bottom) as modeled by 

MEGAN. Notice high emissions in the SE forests, as well as a swath 

through N CA and central AZ. Monoterpenes show elevated 

emissions in the Pacific NW while isoprene does not. 

Sesquiterpenes are emitted at a rate an order of magnitude lower 

than the monoterpenes, in the same geographical pattern. 

1.2.1. Measuring BVOC in the Atmosphere 

1.2.1.1. Ground Based Measurements 

BVOC concentrations in the lower atmosphere can be measured using any of 

the standard methods for measuring VOC in general. One common method is to use 

canisters to collect ambient air for a given period of time, such as an hour. The air 

collected in the canister can then be analyzed using anything from simple filtration 
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and mass balance techniques to mass spectrometry. The Photochemical Assessment 

Monitoring Stations use gas canisters that are collected hourly and analyzed using 

gas chromatography (EPA 1998). Isoprene concentrations are not determined for 

every canister; typically five values are found for each day (night, morning, noon, 

afternoon, and evening). 

1.2.1.2. Remote Sensing 

Because isoprene degrades to formaldehyde (HCHO) rapidly in the 

atmosphere (lifetime of 0.5 to 1.5 hours), and HCHO reflects wavelengths that can 

be sensed by satellite instruments, satellite-derive HCHO can be used as a proxy for 

isoprene concentrations in remote regions (Marais et al. 2012; Millet et al. 2008, 

2006). Urban areas have high HCHO due to the oxidation of anthropogenic VOC 

emissions and therefore are not reliable as isoprene proxies (Marais et al. 2012). 

Formaldehyde is currently the only hydrocarbon that can be sensed by satellite 

instruments.  

1.2.2. Factors Affecting Biogenic Emissions 

1.2.2.1. Plant Species 

Each plant species emits a distinct mix of BVOC at a distinct rate in a given set 

of environmental conditions (Guenther et al. 1993). The plant species is therefore 

the most important factor in determining BVOC emissions. It is impossible to map 

each plant in a region individually. Rather, groups of similar plants are classified as a 

plant functional type (PFT) and given a percent coverage. Assortments of vegetation 
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are further assigned to biomes, land cover types that display similar PFT 

distributions. 

Creating maps of plant species distribution requires extensive field work 

supplemented by satellite land surface sensing and land surface modeling. 

Reasonably good global maps are available for download from the MEGAN website 

(Jiang et al. 2011). There are still many areas that have been assigned biomes 

without any in situ measurement, adding considerable uncertainty to BVOC 

modeling efforts. Even so, BVOC model outputs provide good global and regional 

estimates (Guenther et al. 2006).  

1.2.2.2. Temperature 

For a given plant species, temperature is the most important factor affecting 

isoprene and monoterpene emissions, although for different reasons. Higher 

temperatures lead to higher isoprene emissions because the organism produces 

more isoprene to protect from thermal stress (Sharkey et al. 2008). A large fraction 

of monoterpenes are emitted in a manner similar to that of isoprene, with the 

remainder becoming more volatile at higher temperatures, therefore evaporating 

from the stems and leaves at a higher rate (Guenther 2011). At temperatures around 

312K, it has been shown that isoprene production rates begin decreasing (Guenther 

et al. 1993). The impact of such high temperatures in the field is difficult to quantify 

since such extreme temperatures have been infrequent, particularly in the 

Southeast US where isoprene production is highest (see Steiner et al. 2010 image 

4A). In addition to the current temperature affecting isoprene emissions, the 
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temperature over the previous day or days also has an impact, with higher historical 

temperatures leading to higher isoprene production for a given ambient 

temperature.  

Temperature data can come from a variety of sources. Direct observations 

have limited utility, since the spatial spread is irregular and sparse. For modeling 

purposes, the observations must be reanalyzed so that they fill a grid. Reanalysis 

data are sufficient for biogenic emissions modeling because only temperatures near 

the surface are needed. Of course, using reanalysis data does not allow for 

forecasting. In order to predict future temperatures, a meteorological model would 

need to be employed. Using modeled meteorological inputs have the added benefit 

of allowing for inclusion of information that could not be obtained otherwise, such 

as soil moisture values. 

1.2.2.3. Soil Moisture 

Biogenic emissions are fairly resistant to changing soil moisture, as long as 

the organism’s wilt point has not been reached (Guenther et al. 2006). With soil 

moisture below the wilt point, emissions will decrease significantly. The role of soil 

moisture in biogenic emissions is therefore important, particularly in arid climates 

and during extended drought (Guenther et al. 2006). Even so, the default 

assumption in modeling is to ignore soil moisture. One reason for ignoring soil 

moisture effects is a lack of high quality data. The only source of gridded soil 

moisture data is meteorological or land surface model output. In situ monitoring is 

sparse in both space and time, so that direct observations can rarely be used to 
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substantiate modeled values. Even so, there are some creative methods for 

determining soil moisture from precipitation and temperature trends. Newer 

techniques utilize remote sensing capabilities to determine soil moisture (for 

instance, Ahmad et al. 2010). Recent advances have provided greatly improved soil 

moisture data, which can now be used in biogenic emissions modeling. 

1.2.2.4. Vegetation Cover 

There are numerous indices that can be used to quantify the amount of 

vegetation cover in a given area. The most common is the leaf area index (LAI), 

which is the leaf area per ground area (Equation 1.1). 

𝐿𝐴𝐼 =
𝑙𝑒𝑎𝑓 𝑎𝑟𝑒𝑎

𝑔𝑟𝑜𝑢𝑛𝑑 𝑎𝑟𝑒𝑎
 

Equation 1.1 Leaf Area Index 

Since isoprene emissions are a product of photosynthesis or 

photorespiration, increased leaf area increases the amount of isoprene that can be 

produced by a given plant. The increase is non-linear, however, above LAI values of 

approximately 1.5 and becomes nearly constant when LAI exceeds a value of 5. A 

maximum output is reached when leaf layers create enough shade that leaves lower 

in the canopy no longer receive photosynthetically active radiation. Monoterpene 

emissions also increase with leaf area, and can be a function of stem area, as well. 
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The normalized difference vegetation index is the simple ratio of the 

difference in near infrared (NIR), which is preferentially reflected by leaf cells, and 

visible light (VIS), which is preferentially absorbed by leaf cells for photosynthesis, 

and the sum of these two (Equation 1.2), making NDVI an intuitive measure of leaf 

cover. Values range from zero to one, with 0.9 being common in forested areas and 

0.4 being common in croplands. NDVI is particularly relevant for drought studies, 

and has been used as a proxy for drought in numerous studies (see for example 

Aguilar et al. 2012; Caccamo et al. 2011). 

𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅 − 𝑉𝐼𝑆

𝑁𝐼𝑅 + 𝑉𝐼𝑆
 

Equation 1.2 Normalized Difference Vegetation Index 

The enhanced vegetation index (EVI) has a similar formula to NDVI, but has a 

correction for cloud cover. While NDVI saturates at high LAI, EVI does not and 

therefore has more sensitivity to changing LAI in highly vegetated areas. On the 

other hand, NDVI provides better distinction in sparsely vegetated areas where EVI 

filters out too much of the vegetation signal. LAI is the most appropriate input for 

biogenic emissions modeling. NDVI is used in multiple drought indices, including as 

a standalone proxy for drought condition (Aguilar et al. 2012).  

1. Measuring Vegetation Cover 

Determining a vegetation index for a given location can be accomplished 

from the ground or by satellite. Ground measurements can be accomplished through 
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direct collection of leaves or with spectroscopic instruments. While direct collection 

is a thorough approach, it is difficult to accomplish and is destructive to the 

ecosystem being monitored. As a result, leaf collection is only appropriate for small 

studies and therefore provides sparse data. Use of spectrometry is much less 

destructive, and is therefore the preferred method of ground-based vegetation index 

measurements. Spectrometry uses the incoming light at a given location to 

determine leafiness, which results in an inclusion of stems and branches in the 

measurement. While a good technique for monitoring seasonal changes of a stand, 

there are still sparse data from this technique, making it inappropriate for use in 

biogenic emissions modeling.  

Satellites measure the light reflected by Earth at a number of wavelengths to 

determine a variety of things, such as atmospheric composition, land surface 

properties, and even subsurface characteristics. The advantage of remotely sensed 

data is better spatiotemporal coverage, allowing for direct input of land surface 

conditions to model applications. Satellite retrieval of land cover uses the same 

spectrometry principles as ground based measurements, but measures reflected 

light instead of incoming light. 

LAI and NDVI both have a long history of satellite retrieval. Since 1978, 

Advanced Very High Resolution Radiometer (AVHRR) instruments have resided on 

the multiple satellites operated by the National Oceanic and Atmospheric 

Administration. Native AVHRR has a 1.1-km spatial resolution and twice daily 

coverage of the entire planet. The third generation Global Inventory Monitoring and 
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Modeling System (GIMMS) project included processing NDVI from the various 

AVHRR instruments from 1981 to 2011. The resulting NDVI3g product was then 

used to calculate LAI3g (Zhu et al. 2013), which appears to have more reasonable 

values than former AVHRR LAI datasets which had exaggerated values that do not 

match ground measurements. The LAI3g provides a good history of global 

vegetation cover and could be a viable option for use in BVOC modeling. 

In 1999, the Moderate Resolution Imaging Spectroradiometer (MODIS) 

instrument launched aboard the Terra satellite, as the flagship mission for the Earth 

Observing System. Terra circles Earth in a polar orbit, descending across the 

equator at 10:30am local time, with fourteen to fifteen swaths per day. Another 

MODIS instrument launched aboard the Aqua satellite in 2002, as part of the NASA 

A-train. The A-train is a group of four satellites and 15 sensors that cross the 

equator at 1:30pm local time in fourteen to fifteen swaths per day, providing a suite 

of atmospheric and land surface data. The two MODIS sensors provide twice-daily 

coverage of the entire planet at 1-km, which is similar to that produced by AVHRR. 

The LAI products produced by MODIS are well validated by ground measurements, 

making MODIS data suitable for input into biogenic emissions models. 

In October 2011, the Visible Infrared Imaging Radiometer Suite (VIIRS) 

launched aboard the Suomi National Polar-orbiting Partnership satellite (NPP). The 

VIIRS instrument provides 750-m resolution data every other day for the entire 

planet. As the next generation land sensing instrument, VIIRS promises to take over 

when MODIS fails, which it is already beginning to do. The data from VIIRS are still 
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being assessed and verified, but have been used in conjunction with MODIS and 

AVHRR data to provide higher resolution information about specific locations. VIIRS 

data are suited for use in biogenic emissions models, but are not available for the 

current study period which ends before the NPP launch.  

2. LAI Inputs to Biogenic Emission Models 

While satellite data have many benefits, there are still some issues that lead 

to uncertainties. The data are noisy, with a raw time series of LAI showing drastic 

changes from week to week, which is unrealistic. Noise can come from a few 

sources, including cloud or aerosol cover and instrument errors. The satellite data 

must therefore be smoothed before use, meaning that real time applications in 

modeling may be limited. Currently, the scientific community has not reached 

consensus on the appropriate way to process satellite-derived land cover products. 

All algorithms include quality control, which may remove pixels flagged as bad, or 

may go as far as to remove all cloudy pixels as well. Algorithms may involve a simple 

time series smoothing using a tool such as TimeSat (Jönsson and Eklundh 2002, 

2004), which is usually upward biased, since most error comes from cloud cover 

producing low reflectance and in turn low LAI readings. The time-smoothed data 

can then be used as they are, or they can be compared to a climatological mask of 

typical values. Filtering data with a mask is particularly important in Northern 

regions where evergreen forests under snow cover will lead to unrealistically low 

LAI values.  



 15 

Another approach is to use a model to improve raw satellite LAI values. Many 

models have been developed, most of them using MODIS LAI data as an input. Some 

models use LAI from multiple sources with differing strengths, such as MODIS LAI 

for constraining absolute value and AVHRR LAI for improving variability as done by 

Gulden et al. (2007) using the Community Land Model, which incorporates 

meteorology, soil properties, land use, and phenology and produces detailed canopy 

environment information. Modeling could also focus on one factor, such as 

phenology, with emphasis on bud break timing and length of growing season, as in 

Stöckli et al. (2011).  

1.2.2.5. Photosynthetically Active Radiation 

Photosynthetically active radiation (PAR) consists of the wavelengths of 

sunlight that are used by vegetation for photosynthesis. PAR is often calculated as a 

fraction of insolation, with different multipliers depending on whether the sunlight 

is direct or diffuse (Frouin and Pinker 1995). More complicated algorithms take into 

account the sun angle and the cloud density as well (Pour-Biazar et al. 2007). 

Since isoprene emissions are a product of photosynthesis, they are PAR-

dependent. Other BVOCs can be light dependent or light independent, depending on 

the specific mechanism for release of the given chemical species. Monoterpene 

emissions have a PAR-dependent component, giving them a diurnal pattern similar 

to that of isoprene. The response of sesquiterpenes to PAR is less well understood, 

with a variety of studies giving contradictory results as to the importance of PAR in 

emission of sesquiterpenes (Duhl et al. 2008). Increasing the amount of PAR to a 
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given leaf increases the isoprene production in a mostly linear manner. A canopy 

consists of many leaves, however, which shade each other. Canopy response to 

increasing PAR is therefore non-linear, with light-dependent BVOC emissions 

reaching a plateau once PAR reaches saturation levels. The amount of PAR received 

over the previous days also impacts emissions, similar to the impact of historical 

temperature. More sunlight will lead not only to an increase in PAR, but also to an 

increase in temperature, both of which lead to higher isoprene and monoterpene 

emissions.  

While PAR data can be obtained from meteorological model output, the 

values obtained are usually too high due to poor cloud forecasting by many models 

(Guenther 2011). One solution to this problem is to use satellite derived cloud cover 

to generate PAR values instead. The University of Maryland has produced PAR fields 

derived from insolation based on cloud fraction sensed by geostationary satellites 

over North America (Frouin and Pinker 1995). The University of Alabama-

Huntsville has taken up this work with the goals of providing continuity from the 

discontinued UMD product and of incorporating new features, such as sun angle,  

into the algorithm (Pour-Biazar et al. 2007). 

1.2.2.6. Circadian Rhythms 

Circadian rhythms also appear to control biogenic emissions. In a study of 

isoprene emissions at a given temperature, a significant difference was found 

depending on what time of day that temperature occurred (Keenan and Niinemets 



 17 

2012). Circadian rhythms are not currently accounted for in biogenic emissions 

models, but may prove important.  

1.2.3. Modeling Biogenic Emissions 

MEGAN, or the Model of Emissions of Gases and Aerosols in Nature 

(Guenther et al. 2006), is often used in the U.S. for regional atmospheric modeling. 

MEGAN was an improvement on a previous model, BEIS, which is less sophisticated 

but easier to use. A wide variety of biogenic models produce very similar results, 

which may be due to the similarity of the algorithms employed (Arneth et al. 2008). 

The current study uses MEGANv2.10, since it is the most recent model and includes 

numerous improvements in the algorithm based on current research. 

1.2.3.1. MEGAN Algorithm 

MEGAN takes a base emission factor, 𝜀, and multiplies it by two scaling 

factors: 𝛾 to account for the ambient environment, and 𝜌 to account for canopy 

production and loss (Equation 1.3). Each component of the equation will be 

discussed below in detail. 

𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛 = [𝜀][𝜌][𝛾] 

Equation 1.3 MEGAN Governing Equation 
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1.2.3.1. Standard Conditions Emission Factor (ε [ 𝒎𝒈

𝒎𝟐∙𝒉
]) 

The standard conditions emission factor, 𝜀, gives the base emissions for a 

given PFT at a given geographic location for the set of standard conditions listed in 

Table 1.1. 

LAI 5 
Mature Fraction of Canopy 80% 
Growing Fraction of Canopy 10% 
Old Fraction of Canopy 10% 
Solar Angle 60° 

PPFD Transmission 0.6 
PPFD ~1500 𝜇𝑚𝑜𝑙

𝑚2∙𝑠
 

PPFD on sun leaves (𝑃𝑜 in Equation 1.17) 200 𝜇𝑚𝑜𝑙

𝑚2∙𝑠
 

PPFD on shade leaves (𝑃𝑜 in Equation 1.17) 50 𝜇𝑚𝑜𝑙

𝑚2∙𝑠
 

Air temperature 303K 
Humidity 14 𝑔

𝑘𝑔
 

Wind Speed 3 𝑚

𝑠
 

Leaf Temperature, 24 to 240-hr average 297K 
γ 1 

Table 1.1 Standard conditions used for base emission factor 

1.2.3.1. Canopy Production and Loss Factor (ρ [unitless]) 

Since MEGAN outputs the flux of a particular chemical species from the top of 

a canopy, the losses that occur within the canopy environment must be taken into 

account. The canopy production and loss factor, 𝜌, is the ratio of the amount of 

chemical species emitted within the canopy to the amount emitted from the top of 

the canopy. This is not computed based on physical or chemical transformations, 

but is rather set empirically to a value as a function of canopy depth 𝐷, friction 
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velocity 𝑢∗, the above-canopy lifetime of the chemical 𝜏, and the empirically 

determined, unitless parameter 𝜆  (Equation 1.4).  

𝜌 = 1 −
𝐷

𝜆𝑢∗𝜏 + 𝐷
 

Equation 1.4 Canopy Production and Loss Factor 

1.2.3.1. Non-Standard Conditions Correction Factor (γ [unitless]) 

In order to account for non-standard conditions, the base emissions factor, 𝜀, 

is multiplied by a correction factor, 𝛾, that takes into account the various impacts 

from a changing environment. Each impact is given its own correction factor, so that 

the total correction is the product of the various factors contributing to a change in 

emissions (Equation 1.5). 

𝛾 = 𝛾𝐶𝐸𝛾𝑎𝑔𝑒𝛾𝑆𝑀 

Equation 1.5 Non-Standard Conditions Correction Factor 

The canopy environment correction factor, 𝛾𝐶𝐸, scales emission rates based 

on changing light, temperature, and LAI within the canopy. The leaf age correction 

factor, 𝛾𝑎𝑔𝑒 , scales base emissions based on the leaf age. The soil moisture correction 

factor, 𝛾𝑆𝑀, can be used to scale emissions when soil moisture has dropped near to 

or below the wilting point of the vegetation. 

1. Canopy Environment Correction Factor (𝛾𝐶𝐸) 
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The canopy environment correction factor (𝛾𝐶𝐸) takes into account the 

changes in emission rates expected due to changing light, temperature, and LAI 

within the canopy. The canopy is conceptually divided into a light-dependent 

fraction (𝐹𝐿𝐷) and a light independent fraction (𝐹𝐿𝐼) (Equation 1.6). The light-

dependent fraction varies by chemical species, with isoprene being only light-

dependent, monoterpenes being largely light-dependent, and sesquiterpenes being 

largely light independent (Jardine et al. 2011), as examples. The correction factor for 

each species is computed by taking the weighted average of the correction factors of 

each PFT fraction within the cell (Equation 1.7, Equation 1.8). Each PFT-specific 

correction factor is determined by taking a Gaussian weighted average (𝑊𝑔𝑎𝑢𝑠𝑠) of 

the correction factors of that PFT in each layer of the canopy (Equation 1.9, Equation 

1.10). The light-dependent correction factor (𝛾𝐿𝐷) is multiplied directly by LAI for 

each PFT scaled by a chemical specific constant, while the light independent 

correction factor (𝛾𝐿𝐼) is multiplied by an LAI correction factor, which goes to 1 as 

LAI gets large (Equation 1.6, Equation 1.11). The MEGAN algorithm is slightly 

different from the published MEGAN equations in that it distinguishes between 

light-dependent and light-independent fractions of the canopy. No rationale is given 

for why light-dependent emissions would increase linearly with LAI while light-

independent emissions would plateau at high LAI values. 

The canopy is further divided into a fraction of leaves in the sun (𝐹𝑠𝑢𝑛) and a 

fraction of leaves in the shade (𝐹𝑠ℎ𝑎𝑑𝑒) at each canopy layer (Equation 1.9, Equation 

1.10). The only difference between the sun fraction and the shade fraction is the 
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input temperature and PPFD values, which change from sun to shade, with the 

algorithm used to compute the correction factors remaining the same. 

𝛾𝐶𝐸 = (𝐹𝐿𝐼𝛾𝐿𝐼𝛾𝐿𝐴𝐼 + 𝐹𝐿𝐷𝛾𝐿𝐷) 

Equation 1.6 Canopy Environment Correction Factor 

𝛾𝐿𝐷 =
∑ %𝑃𝐹𝑇𝑖 ∙ 𝛾𝑃𝑇𝑖

𝑇𝑜𝑡𝑎𝑙 𝑣𝑒𝑔𝑒𝑡𝑎𝑡𝑒𝑑 𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛
 

Equation 1.7 Light-Dependent Correction Factor 

𝛾𝐿𝐼 =
∑ %𝑃𝐹𝑇𝑖 ∙𝑃𝐹𝑇 𝛾𝑖𝑛𝑑

𝑇𝑜𝑡𝑎𝑙 𝑣𝑒𝑔𝑒𝑡𝑎𝑡𝑒𝑑 𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛
 

Equation 1.8 Light Independent Correction Factor 

𝛾𝑃𝑇 = 𝐶𝐶𝐸𝐿𝐴𝐼 ∑ 𝑊𝑔𝑎𝑢𝑠𝑠 ∙ [𝛾𝑇,𝑠𝑢𝑛 ∙ 𝛾𝑃,𝑠𝑢𝑛 ∙ 𝐹𝑠𝑢𝑛 + 𝛾𝑇,𝑠ℎ𝑎𝑑𝑒 ∙ 𝛾𝑃,𝑠ℎ𝑎𝑑𝑒 ∙ 𝐹𝑠ℎ𝑎𝑑𝑒]
𝐶𝑎𝑛𝑜𝑝𝑦 
𝐿𝑎𝑦𝑒𝑟𝑠

 

Equation 1.9 Light and Temperature Correction Factor 

𝛾𝑖𝑛𝑑 = ∑ 𝑊𝑔𝑎𝑢𝑠𝑠 ∙ [𝛾𝑇𝐼,𝑠𝑢𝑛 ∙ 𝐹𝑠𝑢𝑛 + 𝛾𝑇𝐼,𝑠ℎ𝑎𝑑𝑒 ∙ 𝐹𝑠ℎ𝑎𝑑𝑒] 
𝐶𝑎𝑛𝑜𝑝𝑦 
𝐿𝑎𝑦𝑒𝑟𝑠

 

Equation 1.10 Light Independent Correction Factor per PFT 
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𝛾𝐿𝐴𝐼 =
0.49𝐿𝐴𝐼

√1 + 0.2𝐿𝐴𝐼2
 

Equation 1.11  LAI Correction Factor for Light Independent Fraction 

The light-dependent correction factor (𝛾𝐿𝐷) is then decomposed into a 

temperature correction factor (𝛾𝑇) and a PPFD correction factor (𝛾𝑃) (Equation 1.9). 

The temperature and PPFD correction factors are functions of the exponential 24-

hour average (𝑇24, 𝑃24), 240-hour average (𝑇240, 𝑃240), the current hour’s 

temperature and PPFD (𝑇ℎ𝑜𝑢𝑟𝑙𝑦, 𝑃𝑃𝐹𝐷), respectively, as well as empirical constants 

determined for each chemical species (Equation 1.12 to Equation 1.18).  

𝛾𝑇 = 𝐸𝑜𝑝𝑡

𝐶𝑇2 ∗ 𝑒𝐶𝑇1𝑥

𝐶𝑇2 − 𝐶𝑇1(1 − 𝑒𝐶𝑇2𝑥)
 

Equation 1.12 Temperature Correction Factor for Light-Dependent Fraction 

𝐸𝑜𝑝𝑡 = 𝐶𝑇3𝑒0.05(𝑇24−297)𝑒0.05(𝑇240−297)
 

Equation 1.13 Empirical Coefficient for Temperature 

𝑥 =

1
313+0.6(𝑇240−297)

− 1
𝑇ℎ𝑜𝑢𝑟𝑙𝑦

0.00831
 

Equation 1.14 Historical Temperature Coefficient 
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𝐶𝐶𝐸 , 𝐶𝑇1, 𝐶𝑇2, 𝐶𝑇3, 𝐶𝑇4 = 𝐶ℎ𝑒𝑚𝑖𝑐𝑎𝑙 𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡𝑠 

Equation 1.15 Empirical Coefficients for Temperature Dependencies 

𝛾𝑃 = 𝐶𝑃

𝛼 ∗ 𝑃𝑃𝐹𝐷

√1 + 𝛼2 ∗ 𝑃𝑃𝐹𝐷2
 

Equation 1.16 Light Correction Factor 

𝐶𝑃 = 0.0468 ∗ 𝑒0.005[𝑃24−𝑃𝑜] ∗ 𝑃240
0.6 

Equation 1.17 Empirical Coefficient for Light 1 

𝛼 = 0.004 − 0.0005 ∗ ln (𝑃240) 

Equation 1.18 Empirical Coefficient for Light 2 

The light independent correction factor does not require further 

decomposition, since only a temperature correction factor is needed. The 

temperature correction factor in this case is much less complicated, requiring only 

the current temperature and a constant determined for each chemical species 

(Equation 1.19).  

𝛾𝑇𝐼 = 𝑒𝐶𝑇4(𝑇−303.15𝐾) 

Equation 1.19 Temperature Correction Factor for Light Independent Fraction 
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2. Leaf Age Correction Factor (𝛾𝑎𝑔𝑒) 

The leaf age correction factor (𝛾𝑎𝑔𝑒) is used to scale the base emissions based 

on the leaf age. Mature leaves emit the most, with new leaves and old leaves 

emitting less. The 𝛾𝑎𝑔𝑒  is a function of chemical species, whether vegetation is 

growing or declining, and the LAI values from the current and the previous time 

step (Equation 1.20). The description of 𝛾𝑎𝑔𝑒  given by Guenther et al. (2006) applies 

only to isoprene emissions. The algorithm employed in the program itself takes the 

chemical species emitted into account by changing the values of A in Equation 1.21. 

In evergreen biomes, 𝛾𝑎𝑔𝑒  is set to 1, acknowledging that there is no senescence 

cycle.  

𝛾𝑎𝑔𝑒 = 𝑓 (𝑐ℎ𝑒𝑚𝑖𝑐𝑎𝑙,
𝑑𝐿𝐴𝐼

𝑑𝑡
,𝐿𝐴𝐼𝑐, 𝐿𝐴𝐼𝑝) 

Equation 1.20 Leaf Age Correction Factor Dependencies 

𝛾𝑎𝑔𝑒 = 𝐹𝑛𝑒𝑤𝐴𝑛𝑒𝑤 + 𝐹𝑔𝑟𝑜𝑤𝐴𝑔𝑟𝑜𝑤 + 𝐹𝑚𝑎𝑡𝑢𝑟𝑒𝐴𝑚𝑎𝑡𝑢𝑟𝑒 + 𝐹𝑜𝑙𝑑𝐴𝑜𝑙𝑑  

Equation 1.21 Leaf Age Correction Factor 

𝐹𝑖  is the fraction of leaves that are new, growing, mature, or old and A is the 

scaling factor for emissions production at that age and for the given chemical 

species. A is given in a table while F is computed based on the current and previous 

LAI values. Different algorithms are employed depending on whether LAI has 

increased, not changed, or declined. 
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3. Soil Moisture Correction Factor (𝛾𝑆𝑀) 

In MEGAN, 𝛾𝑆𝑀 is set to 1.0 as a default, effectively ignoring soil moisture in 

the model, which is one of the weaknesses of MEGAN. In the description of MEGAN, 

Guenther et al. (2006) provide equations for calculating 𝛾𝑆𝑀, which can be coded in 

the program. With soil moisture, 𝜃, well above the wilting point, 𝜃𝑤, emissions are 

not impacted (Equation 1.22). When soil moisture drops near the wilt point, 

emissions begin to decline. MEGAN uses a value of 𝜃𝑙 = 𝜃𝑤 + 0.06 as the threshold 

for beginning to decrease emissions (Equation 1.23). When soil moisture drops 

below the wilt point, emissions stop altogether (Equation 1.24). 

𝛾𝑆𝑀 = 1          𝜃 > 𝜃𝑙  

Equation 1.22 Soil Moisture Correction Factor; High Soil Moisture 

𝛾𝑆𝑀 =
𝜃 − 𝜃𝑤

0.06
          𝜃𝑤 < 𝜃 < 𝜃𝑙  

Equation 1.23 Soil Moisture Correction Factor; Low Soil Moisture 

𝛾𝑆𝑀 = 0          𝜃 < 𝜃𝑤  

Equation 1.24 Soil Moisture Correction Factor: Very Low Soil Moisture 

The algorithm for incorporating the soil moisture emission factor would be 

similar to that for the canopy environment emissions factor, where the root depth of 

a given PFT is used to determine the impact of the soil moisture on that group of 
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vegetation. Work is currently underway to update MEGAN to use the algorithm 

outlined by Guenther et al. (2006).  

1.3. Ways that Drought might Affect Biogenic Emissions 

Drought being defined as a decrease in soil moisture will always correspond 

to lower soil moisture, and by proxy a decrease in precipitation. The effect of 

drought on PAR and temperature is generally a positive relationship. Much of the 

continental US experiences high temperatures and low cloud cover during drought 

(Duncan et al. 2009). It is generally accepted that drought decreases vegetative 

cover, particularly severe drought. Indeed, satellite derived vegetation products are 

being explored as tools for identifying drought (Aguilar et al. 2012; Caccamo et al. 

2011; Lakshmi et al. 2011; Zhang et al. 2004). 

The sensitivity of BVOC to changes in vegetation, temperature, PAR, and soil 

moisture has been quantified recently by Gulden et al. (2007) and Tawfik et al. 

(2012). Their findings conflict, with Gulden indicating that variation in LAI ought to 

be at least as important as temperature and PAR. Tawfik et al. (2012), on the other 

hand, find that variations in temperature and soil moisture are the most important 

drivers of isoprene emissions, with LAI and PAR variation having little impact. The 

difference in their results stems from differences in both inputs chosen and models 

used. Gulden et al. (2007) used the Community Land Model, which not only models 

emissions but also land use and canopy changes. Both MODIS and AVHRR LAI were 

used as inputs. MODIS was used to constrain the maximum values of LAI while 



 27 

AVHRR was used for variability of LAI. Tawfik et al. (2012), on the other hand, used 

LAI values produced by Stöckli et al. (2011) using a phenology model. The full 

implications of the differences in these two works are explored in Chapters 4, 5 and 

6. 

We expect that drought impacts biogenic emissions both directly and 

indirectly. Decreased soil moisture, which is the definition of drought, would lead to 

decreased emissions. The increase in temperature and PAR from reduced cloud 

cover causes an increase in emissions. Decreases in LAI lead to decreases in 

isoprene emissions. Since some drought factors could lead to a decrease in 

emissions, while others lead to an increase, it is unclear what role drought will play 

in a given ecosystem. 

In order to assess the impacts of drought as a whole and also of individual 

drought components, the current study employs a three-pronged approach. First, 

the impact of drought on LAI was investigated for the continental United States by 

looking for correlations of satellite derived LAI with drought index, temperature, 

and precipitation. Second, the drought response of localized isoprene emissions was 

investigated by performing multiple regression analysis on in-situ isoprene 

measurements with drought index, temperature, precipitation, LAI, and PAR. Third, 

the sensitivity of the MEGAN model to inputs of differing variability and the 

difference in overall model response to drought conditions versus wet conditions 

were assessed.  
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Ultimately, we would like to know whether we can predict, with some 

quantifiable uncertainty, the isoprene levels expected in a given location if we know 

the drought condition and the time of year. The answer to this question lies in 

examining the effect of drought on vegetative emissions of VOC, both overall and 

through the environmental factors that change with drought: vegetation, PAR, soil 

moisture, and temperature. The relationship each environmental factor has with 

drought must also be known so that the relative change can then be reflected in the 

isoprene predictions. 

1.4. Summary of Research Questions 

What is the effect of drought on vegetative emissions of VOCs? 

a) What is the effect of drought on vegetation, PAR, soil moisture, and 

temperature? 

b) What are the sensitivities of biogenic emissions to changes in vegetation, 

PAR, soil moisture, and temperature as quantified by: 

i) MEGAN emissions estimates, and 

ii) Isoprene concentrations as measured by ground monitors. 
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Chapter 2 

Trends in PAMS Isoprene and 

Formaldehyde Data 

2.1. Background 

Current biogenic emissions modeling efforts incorporate empirical 

relationships between environmental variables and vegetation emissions that have 

been observed in laboratories and the field. Models take into account vegetation 

type, temperature, photosynthetically active radiation, and soil moisture (although 

soil moisture parameterizations are poorly characterized). Models account for 

current meteorological conditions, but do not account for aggregate conditions 

beyond a few days. Effects of conditions such as drought could affect emissions in 

ways that models do not currently take into account.  
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While models give a good opportunity to look at the sensitivities of emissions 

to these factors, we are also interested in how emissions respond to drought in 

general. Since the response of environmental variables to drought is not always 

consistent, and because changes in isoprene emissions respond in contradictory 

ways to the environmental variables, the overall impact of drought is unclear. In situ 

monitoring provides a way to assess trends of isoprene concentrations in response 

to drought and the environmental variables that change with drought. We present 

here exploratory statistics performed as a first step in assessing to what extent 

drought could be used as an independent variable in determining vegetation 

emissions. 

2.2. Methods 

2.2.1. Data Sources 

The Photochemical Assessment Monitoring Stations (PAMS) are used to 

measure ozone precursor chemicals in ozone non-attainment areas in the United 

States. The USEPA provides the technical specifications and guidance to states for 

implementing PAMS monitoring networks. Areas not meeting the National Ambient 

Air Quality Standards (NAAQS) for ozone are required to have a minimum of four 

PAMS monitors: One upwind of the major pollution, one in the area of highest ozone 

precursor emissions, one in the area of highest ozone concentrations, and one far 

downwind of the polluted area. Each locale has slightly different monitoring policies 

in order to best support the specific needs of the area. Additionally, which regions 
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fall into or out of ozone attainment changes through the years, as some cities are 

able to remedy the problem and others are brought into non-attainment by 

changing regulations. As such, monitor data are inconsistent in temporal spread and 

measurement frequency. Also, the exact mix of chemical species measured is 

different at each monitor. Both isoprene and formaldehyde are PAMS Target 

Parameters, but they are not measured at every PAMS monitor. Figure 2.1 shows the 

locations of PAMS sites with more than 1000 observations of isoprene or 

formaldehyde between 1993 and 2013.  

While meteorological data are supposed to be available for each PAMS 

monitoring network, the data are not readily available. As such, local weather data 

 

Figure 2.1 Locations of PAMS Sites with >1000 Observations of Isoprene or 

Formaldehyde between 1993 and 2013. 
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were obtained from the NOAA NCDC Climate Data Online Database. Stations with 

closest proximity to the PAMS monitoring sites as well as data for all years of the 

current study were chosen. In some cases, particularly for very remote sites, the 

meteorology station is over 50km away from the PAMS station. Additionally, 

precipitation is monitored less than temperature, so that many sites have 

temperature and precipitation data from different locations. It is unrealistic to 

exclude sites with distant meteorology stations because it is the remote sites that 

can tell us the most about biogenic emissions as they are not contaminated by 

anthropogenic sources of isoprene and formaldehyde. Even so, the temperature and 

precipitation measurements used can be considered representative of the 

conditions affecting a given PAMS monitor, which measures ambient concentrations 

that could be influenced by emissions within a 30 km radius. See Table 2.1 for 

distances to precipitation and temperature stations from PAMS sites with more than 

1000 observations of isoprene or formaldehyde. 

The Palmer Drought Severity Index (PDSI) is a popular drought index that is 

a function of the historical temperature and precipitation for a given location, as 

well as a set of empirically derived coefficients. PDSI best categorizes agricultural 

drought (which affects vegetation, as opposed to meteorological/short term drought 

or hydrologic drought which affects the water table), since it accounts for the 

previous nine months of rain, making it suitable for the current study. Values range 

from -7, indicating severe drought, to +7, indicating very wet conditions. As an 

improvement to the traditional PDSI, Dai et al. (2004) developed an alternate 
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method for calculating PDSI that takes potential evaporation  into account. 

(Potential evaporation is the amount of evaporation that would occur if there was 

an unlimited water supply.) 

The current study uses Dai’s data, which provides monthly PDSI values for 

each 2.5o x 2.5o grid cell for the entire planet from 1850 to 2010. The PDSI value in 

the cell corresponding to each PAMS monitor location was used. Even though Dai 

produces a gridded product, there are many missing values due to missing 

meteorological data (Dai, personal communication), leading to months of missing 

data at some monitor locations. Sites with insufficient data are dealt with by 

applying a data sufficiency filter discussed later. 

Leaf area index (LAI) data come from the MODIS satellite and were 

processed using the algorithm in Yuan et al. (2011) by the Climate and Vegetation 

Research Group at Boston University (BU-LAI). The resulting dataset provides 

monthly average LAI values at 0.25o x 0.25o resolution for the entire planet from 

February 2000 to December 2011; however the data in 2010 and 2011 are of 

questionable quality due to degradation of the instrument. The LAI data therefore 

effectively limit the date range of the multivariate analysis to the years 2000 to 

2009. The data have high integrity, having already been cleaned and processed by 

BU. All values in non-vegetated cells were set to ‘No Data.’ Heavily developed urban 

areas are considered non-vegetated and therefore do not have MODIS LAI values 

available. Vegetated locations have high data integrity, with no missing values.  
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Site ID Place Isoprene HCHO 
Distance to 

Temperature 
Station (km) 

Distance to 
Precipitation 
Station (km) 

040139997 Phoenix, AZ yes yes 20.5 11.9 

060190008 Fresno, CA yes yes 4.7 4.7 

060194001 Fresno, CA yes no 28.0 28.0 

060195001 Clovis, CA yes yes 4.4 4.4 

060290010 Bakersfield, CA yes yes 6.5 6.5 

060290014 Bakersfield, CA no yes 8.8 8.8 

060295001 Arvin, CA yes no 35.1 35.1 

060370002 West Covina, CA yes no 70.4 5.1 

060371002 Burbank, CA yes yes 3.1 3.1 

060371103 Burbank, CA no yes 17.2 17.2 

060371601 Central L.A., CA yes yes 16.6 16.6 

060371602 Central L.A., CA yes no 15.8 15.8 

060375001 LAX, CA yes no 3.7 3.7 

060375005 LAX, CA yes no 2.7 2.7 

060376012 Santa Clarita, CA yes yes 19.6 0.7 

060650012 Banning, CA yes yes 72.6 17.6 

060670006 Sacramento, CA yes yes 21.4 7.8 

060670012 Folsom, CA yes no 18.2 26.3 

060711004 Ontario, CA yes no 14.3 18.0 

060730003 El Cajon, CA yes yes 5.0 23.4 

060730006 San Diego, CA yes no 2.5 2.5 

060731006 Alpine, CA yes no 25.8 23.6 

060731008 Oceanside, CA yes no 4.4 4.4 

060771002 Stockton, CA no yes 7.8 7.8 

061112002 Simi Valley, CA yes no 19.5 8.8 

061113001 Oxnard, CA yes yes 8.4 4.9 

090019003 Sherwood Is., CT yes no 18.0 18.0 

090031003 Hartford, CT yes yes 5.7 17.6 

090090027 New Haven, CT yes no 4.3 24.7 

090131001 Shenipsit State Forest, CT yes no 27.6 24.7 

100031007 Lums Pond State Park, DE yes no 17.5 17.5 

110010043 Washington D.C. yes yes 8.4 8.4 

130890002 Atlanta, GA yes yes 13.7 13.7 

130893001 Atlanta, GA yes yes 30.2 30.2 

132230003 Rockmart, GA yes no 48.9 11.8 

132470001 Conyers, GA yes no 34.0 34.0 

170310072 Chicago, IL yes no 27.3 27.3 
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Site ID Place Isoprene HCHO 
Distance to 

Temperature 
Station (km) 

Distance to 
Precipitation 
Station (km) 

170314201 Northbrook, IL yes yes 19.6 19.6 

170971007 Illinois Beach St Park, IL yes no 7.3 7.3 

180890022 Gary, IL yes yes 9.4 32.0 

180970078 Indianapolis, IN yes no 16.6 16.6 

220330009 Baton Rouge, LA yes yes 8.9 8.9 

220330013 Zachary, LA yes no 20.1 20.1 

220470009 Plaquemine, LA yes no 38.8 38.8 

230052003 Cape Elizabeth, ME yes no 12.0 12.0 

230090102 Acadia Nat. Park, ME yes no 15.6 3.1 

230313002 Portsmouth, ME yes yes 5.4 17.9 

240030019 Fort Meade, MD yes no 8.3 8.3 

240053001 Essex, MD yes yes 5.5 24.1 

240330030 Laurel, MD yes no 20.9 20.9 

250092006 Lynn, MA yes yes 13.1 13.1 

250094004 Newbury, MA yes no 32.6 20.2 

250130008 Westover, MA yes yes 1.9 30.4 

250154002 Belchertown, MA yes no 19.7 49.4 

250213003 Blue Hills Res, MA yes no 18.6 18.6 

250250041 Quincy Bay, MA yes no 6.1 6.1 

261630019 Detroit, MI yes no 2.6 35.1 

261630033 Dearborn, MI no yes 16.1 17.2 

330111011 Nashua, NH yes no 7.2 49.6 

330115001 Miller St Park, NH yes no 30.8 32.0 

340070003 Camden, NJ yes yes 12.9 12.9 

340210005 Trenton, NJ yes no 62.2 62.2 

340230011 New Brunswick, NJ yes no 27.7 16.5 

360050083 Bronx, NY yes yes 9.7 9.7 

360050133 Bronx, NY yes no 9.9 9.9 

360810124 Queens, NY no yes 6.9 6.9 

420010001 Gettysburg, PA yes no 37.6 14.5 

421010004 Philadelphia, PA yes yes 19.3 19.3 

440030002 URI Jones, RI yes no 25.5 15.2 

440071010 Providence, RI yes yes 29.1 50.7 

481130069 Dallas, TX yes yes 3.6 3.6 

481210034 Denton, TX yes no 49.5 49.5 

481350003 Odessa, TX yes no 18.5 18.5 

481351014 Odessa, TX yes no 15.8 15.8 
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Site ID Place Isoprene HCHO 
Distance to 

Temperature 
Station (km) 

Distance to 
Precipitation 
Station (km) 

481410037 El Paso, TX yes no 12.8 12.8 

481410044 El Paso, TX yes yes 9.0 9.0 

481670014 Galveston, TX yes no 1.1 1.1 

482010024 Houston, TX yes no 28.8 28.8 

482010026 Channelview, TX yes no 22.9 22.9 

482010029 Cypress, TX yes no 11.8 11.8 

482010055 Bellaire, TX yes no 22.1 22.1 

482010069 Pasadena, TX yes no 7.0 7.0 

482010803 Houston Ship Channel, TX yes no 14.8 14.8 

482011035 Houston Ship Channel, TX yes yes 10.0 10.0 

482011039 Deer Park, TX yes yes 14.8 14.8 

482016000 Pasadena, TX yes no 5.0 5.0 

482450009 Beaumont, TX yes no 10.7 10.7 

482450018 Nederland, TX yes no 2.1 2.1 

482451035 Nederland, TX yes no 3.3 3.3 

483550032 Corpus Christi, TX yes no 19.9 8.7 

484391002 Fort Worth, TX yes no 9.7 1.6 

510330001 Fort AP Hill, VA yes no 34.0 78.2 

510590030 Alexandria, VA yes yes 10.3 10.3 

510870014 Richmond, VA yes yes 9.1 9.1 

550790026 Milwaukee, WI yes yes 11.8 11.8 

Table 2.1 PAMS Sites with >1000 Observations of Isoprene or Formaldehyde 

between 1993 and 2013 

Photosynthetically active radiation (PAR) data come from the University of 

Maryland project led by Rachel Pinker (UMD-PAR) (Frouin and Pinker 1995; Pinker 

and Laszlo 1992), which uses cloud cover from geostationary weather satellites to 

calculate PAR fields over North America. The UMD-PAR dataset provides hourly 

average PAR values at 0.5o x 0.5o resolution from 1996 to 2010 with high data 

integrity. 
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2.2.2. Pre-Processing 

Given the inconsistency of the data sets, and the large number and spread of 

sites, stations had to be filtered using a set of reasonable criteria. First, daily values 

were extracted for each piece of data. Daily maximum values were used for isoprene 

and formaldehyde because of large amounts of missing and zero data as well as a 

low sampling frequency of five times per day, two of which were during low 

isoprene hours. Peak isoprene provides the best metric for understanding long-term 

trends and correlations in the data (Jobson et al. 1994). Daily maximum was also 

used for temperature. Total daily values were used for UMD-PAR. The temperature 

and PAR as recorded at the same time as the maximum isoprene concentration was 

not used in this preliminary work, with the maximum values taken as representative 

no matter what hour they occur. Prior research into the mechanisms of isoprene 

emissions clearly indicate that peak emissions occur at the hottest, brightest part of 

the day (Guenther et al. 2006). It is possible that the increased oxidation during the 

same part of the day would lead to a reduction in isoprene that exceeds emissions, 

effectively lowering concentrations. The diurnal interactions of isoprene and 

temperature should be explored before any further work is done; however, given 

the dismal results of the preliminary analysis presented here, no additional time 

was spent on such pursuits.  

The precipitation data have many flagged observations, leading to a large 

percentage of days with no data at some sites. Taking a fifteen-day accumulated 

rainfall, with missing days assumed to have no rainfall, increased the number of 
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matched observations at all sites, and was therefore used for all statistics. Using the 

total daily rainfall for the analysis was not possible since none of the sites passed the 

data sufficiency filter that way. This is not a recommended method, but was the best 

that we could do with the data we had. Recent additions to the data at the PRISM 

project, described in detail in a later chapter, include daily gridded precipitation, 

which would be a better option if the work were to be continued. 

Because LAI values are monthly averages, and we understand vegetation to 

grow in a mostly continuous manner, daily LAI was computed by linearly 

interpolating the monthly averages to daily values. PDSI is the only metric without a 

reasonable daily value, so the monthly value was simply assigned to all days in that 

month. Table 2.2 summarizes the variables used, the data sources chosen, and the 

method for computing daily values. 

Since some of the non-PAMS data are also sparse, and do not necessarily 

coincide temporally with the PAMS data, sites were then filtered a second time using 

an even spread criteria. Only days in June, July, and August (JJA) were used in order 

to capture the peak emissions season when trees have fully developed leaf cover 

and temperatures are at their highest. Also, isoprene drops below detection limits 

for months in the winter, when the trees lose their leaves, giving no useful 

information about relationships between drought and isoprene production. The bias 

from North to South introduced by using only JJA was likely small with a range in 

latitude of only 17 degrees between the most southerly and most northerly stations. 

Nonetheless, further data exploration could be performed to quantify the bias. Many 
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sites pass the data sufficiency filter only if precipitation is excluded as a variable, so 

an analysis was performed without precipitation separately. 

All days with any piece of data missing were removed. Multivariate statistics 

attempt to determine the amount of influence given variables have over another 

variable. If records with missing data are included in the analysis, the regression 

will over assign explanatory power to the remaining variables. Even though multiple 

linear regressions were not ultimately performed, that was the goal of the analysis, 

and data was assessed with that goal in mind. 

The flow chart in Figure 2.2 illustrates the algorithm used to determine 

which sites had sufficient data.  Sites needed to have at least 100 matched daily 

observations of isoprene or formaldehyde with temperature, precipitation, PDSI, 

LAI, and PAR. The 100 observations furthermore were required to fall within 50% 

of a uniform distribution through the years. For instance, if there are 10 years of 

data, and any year had less than 5% of the data, the site would be rejected. If there 

are 8 years of data, the cutoff would be 6%. Table 2.3 summarizes how many sites 

pass the filter for each study. Table 2.4 provides site characterization for the 

selected sites, including the biome classification of the surrounding area, and 

whether the site is urban or rural. 
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Variable Value Units Dependencies Source 

Temperature (T) Daily maximum oC Independent 
NOAA NWS 

Observations 

Precipitation (PP) 
15-Day 

accumulation 
Inch Independent 

NOAA NWS 
Observations 

Palmer Drought 
Severity Index 

(PDSI) 
Monthly value unitless f(T,PP) Dai 

Leaf Area Index 
(LAI) 

Monthly average 
interpolated to 

daily value 
m2/m2 

Historical T and PP, 
PDSI 

MODIS 
processed by 

BU 

Photosynthetically 
Active Radiation 

(UMD-PAR) 
Daily total W.h/ m2 PP UMD 

Isoprene (ISOP) Daily maximum ppb T, PP, PDSI, LAI PAMS 

Formaldehyde 
(HCHO) 

Daily maximum ppb T, PP, PDSI, LAI PAMS 

Table 2.2 Variables Used in PAMS Correlations. 
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Figure 2.2 Flowchart of Data Sufficiency Filter Used for PAMS Trend Analysis. 

Number of Sites with sufficient: 

Matched Isoprene, Temperature, UMD-PAR, PDSI, and 
15-Day Precipitation Observations 

12 

Matched Isoprene, Temperature, UMD-PAR, and  PDSI 
Observations 

23 

Matched HCHO, Temperature, UMD-PAR, PDSI, and 
15-Day Precipitation Observations 

0 

Matched HCHO, Temperature, UMD-PAR, and PDSI 
Observations 

9 

Table 2.3 Number of Sites Passing Data Sufficiency Filters 
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Site ID Site Name 
Urban, 
Suburban, 
or Rural 

Biome PP ISOP HCHO 

040139997 Phoenix, AZ Urban Urban No No Yes 

060195001 Clovis, CA Urban Urban No Yes Yes 

060290010 Bakersfield, CA Urban Open Shrublands No Yes Yes 

060371002 Burbank, CA Urban Woody Savanna No Yes Yes 

060376012 Santa Clarita, CA Suburban Open Shrublands No Yes Yes 

060650012 Banning, CA Suburban Open Shrublands No Yes Yes 

060711004 Ontario, CA Urban Urban No Yes No 

060730006 San Diego, CA Urban Urban Yes Yes No 

060731006 Alpine, CA Rural Open Shrublands No Yes No 

061112002 Simi Valley, CA Suburban Urban Yes Yes No 

061113001 Oxnard, CA Suburban Urban No Yes No 

090031003 Hartford, CT Urban Urban Yes Yes No 

110010043 Washington, D.C. Urban Urban Yes Yes No 

220330013 Zachary, LA Rural Woody Savanna No Yes No 

230052003 Cape Elizabeth, ME Rural Crops/Natural Mix Yes Yes No 

230090102 Acadia National Park, ME Rural Crops/Natural Mix Yes Yes No 

250092006 Lynn, MA Urban Urban Yes Yes No 

340210005 Trenton, NJ Urban Urban Yes Yes No 

340230011 New Brunswick, NJ Urban Urban Yes Yes No 

440071010 Providence, RI Urban Crops/Natural Mix No Yes Yes 

481210034 Denton, TX Suburban Grasslands No Yes No 

481410044 El Paso, TX Urban Urban Yes Yes Yes 

482011035 Houston Ship Channel, TX Urban Urban No No Yes 

483550032 Corpus Christi, TX Urban Grasslands No Yes No 

510330001 Fort AP Hill, VA Rural Urban Yes Yes No 

Table 2.4 Site characterization for sites passing the data sufficiency filter for 

correlating isoprene or formaldehyde to environmental 

conditions. 
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2.2.3. Statistical Analysis 

Linear regression of isoprene (or formaldehyde) versus each variable (T, PP, 

PDSI, UMD-PAR, LAI, and Year) was performed and the residuals1 plotted. The 

results indicated that isoprene and formaldehyde should be log transformed due to 

the increasing trend indicated by the residual plots (see Figure 2.3 for an example), 

which is a typical transform for this sort of data (Fortin et al. 2005). None of the 

environmental variables required a transform. Relationships between isoprene and 

the environmental variables were explored using descriptive statistics, correlation, 

and regression. 

 

Figure 2.3 Isoprene concentration regressed with temperature and residuals 

plotted for Acadia National Park, ME. The residuals indicate an 

increasing trend, suggesting a contractive transform on the 

isoprene values is needed. Similar results were found at all sites. 

                                                        
 

1 Residuals are the values that result from subtracting the predicted value from the 
measured value. The shape of the resulting plot shows what sort of additional transforms may be 
needed on the data. 
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2.3. Results and Discussion 

2.3.1. Long Term Trends 

Long term trends of temperature, LAI, isoprene and formaldehyde were 

assessed for all sites passing the data sufficiency filter for the years 2000 to 2009.  

The percent change in isoprene per year was computed as the slope of the 

regression between the natural logarithm of isoprene or formaldehyde with year 

(Helsel and Hirsch 2002). Maps showing regional patterns of isoprene and HCHO 

temporal trends are provided in Figure 2.4. Changes in isoprene appear to be similar 

for large regions, with upward trends in the San Joaquin Valley, and downward 

trends in the Los Angeles region as well as the NE US. The percent change in HCHO 

has the same sign as that of isoprene where the two are co-located, given that both 

regressions were significant (see Table 2.5 and Table 2.6).  

Due to restrictions imposed on industry as a means to improve air quality, 

anthropogenic emissions of HCHO and its precursors have been declining. In areas 

where isoprene declined, HCHO also declined. In Santa Clarita, CA, for instance, 

isoprene concentrations showed no change while formaldehyde concentrations 

dropped 5% per year. At Burbank, CA, however, we see no significant change in 

isoprene while formaldehyde concentrations increased 6% per year. The cause of 

the increase is therefore unclear from the information at hand. 

Long term trends in isoprene could potentially be caused by changes in LAI 

or changes in temperature over the same decade. Some sites do indeed show 
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statistically significant (p<0.05) changes in temperature through the years. The 

largest change in temperature of -0.19 to -0.02 degree per year occurred at 

Providence, RI. This is equivalent to a -1.9 to -0.2 degree change over the decade 

studied, which is reflected by a decrease in isoprene that is not statistically 

significant. Fort AP Hill, VA, on the other hand, shows a statistically significant 

(p<0.05) change in isoprene even though neither temperature nor LAI changed. At 

0.12 to 0.23 log units per year, or 12.7 to 23.8% per year, this is a physically 

significant change. 

Five locations show a statistically significant (p<0.05) change in the same 

direction of both temperature and isoprene, namely: Simi Valley, CA; Bakersfield, 

CA; Acadia National Park, ME; Denton, TX; and Corpus Christi, TX. None of these 

sites experienced extreme temperatures at either end of the decade, exhibiting 

fluctuations up and down through the years. 
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Figure 2.4 Percent change per year of PAMS isoprene (top) and formaldehyde 

(bottom) during JJA for the years 2000 to 2009 at stations with 

sufficient data. F-test at the 95% confidence level was performed 

to determine if the slope was distinguishable from zero. ‘Not Sig’ 

indicates no statistical distinction from a zero slope. 
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Site ID Name 
95% CI of Percent 
Change per Year 

060195001 Clovis, CA 6.44 to 12.1% 

060290010 Bakersfield, CA 4.80 to 8.87% 

060371002 Burbank, CA -2.99 to 0.36% 

060376012 Santa Clarita, CA -3.99 to 2.74% 

060650012 Banning, CA -6.19 to 0.54% 

060711004 Ontario, CA -9.49 to -3.63% 

060730006 San Diego, CA -7.82 to -0.82% 

060731006 Alpine, CA -3.86 to 2.56% 

061112002 Simi Valley, CA 2.20 to 9.27% 

061113001 Oxnard, CA 0.24 to 4.90% 

090031003 Hartford, CT -0.08 to 3.33% 

110010043 Washington, D.C. -5.51 to 0.08% 

220330013 Zachary, LA -6.80 to 1.28% 

230052003 Cape Elizabeth, ME -7.55 to -2.78% 

230090102 Acadia National Park, ME -4.20 to -0.19% 

250092006 Lynn, MA -10.4 to -2.33% 

340210005 Trenton, NJ -1.19 to 2.91% 

340230011 New Brunswick, NJ -2.68 to 0.98% 

440071010 Providence, RI -5.86 to 0.45% 

481210034 Denton, TX 9.09 to 17.1% 

481410044 El Paso, TX -3.39 to -0.45% 

483550032 Corpus Christi, TX 6.24 to 11.0% 

510330001 Fort AP Hill, VA 12.7 to 23.8% 

Table 2.5 Tabulated values of 95% confidence intervals of percent change in 

isoprene per year. 
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Site ID Name 
95% CI of Percent 
Change per Year 

040139997 Phoenix, AZ -11.6 to -8.99% 

060195001 Clovis, CA 12.0 to 15.8% 

060290010 Bakersfield, CA 2.83 to 7.51% 

060371002 Burbank, CA 4.49 to 7.35% 

060376012 Santa Clarita, CA -6.82 to -2.73% 

060650012 Banning, CA -0.0 to 3.88% 

440071010 Providence, RI -2.76 to 0.56% 

481410044 El Paso, TX -5.45 to -2.53% 

482011035 Houston Ship Channel, TX -6.99 to -3.54% 

Table 2.6 Tabulated values of 95% confidence intervals of percent change in 

formaldehyde per year. 
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Site 95% CI for Slope 

ID Name ISOP LAI T 

060195001 Clovis, CA 0.06 to 0.12 -0.04 to 0.02 -0.001 to 0.03 

060290010 Bakersfield, CA 0.04 to 0.08 -0.06 to 0.01 0.02 to 0.06 

060371002 Burbank, CA -0.02 to 0.003 -0.02 to -0.0008 0.03 to 0.06 

060376012 Santa Clarita, CA -0.03 to 0.02 -0.01 to 0.01 0.08 to 0.11 

060650012 Banning, CA -0.06 to 0.005 -0.03 to -0.01 0.03 to 0.08 

060711004 Ontario, CA -0.09 to -0.03 -0.09 to -0.05 0.03 to 0.07 

060730006 San Diego, CA -0.07 to -0.008 0.005 to 0.02 0.08 to 0.10 

060731006 Alpine, CA -0.03 to 0.02 -0.06 to -0.03 -0.14 to -0.10 

061112002 Simi Valley, CA 0.02 to 0.09 -0.04 to 0.006 0.08 to 0.11 

061113001 Oxnard, CA 0.002 to 0.04 -0.03 to 0.01 -0.01 to 0.006 

090031003 Hartford, CT -0.0008 to 0.03 -0.09 to 0.07 0.001 to 0.04 

110010043 Washington, D.C. -0.05 to 0.0008 -0.11 to 0.05 0.01 to 0.04 

220330013 Zachary, LA -0.06 to 0.01 -0.11 to 0.01 0.09 to 0.13 

230052003 Cape Elizabeth, ME -0.07 to -0.02 -0.01 to 0.01 0.01 to 0.05 

230090102 Acadia National Park, ME -0.04 to -0.001 -0.13 to 0.12 -0.15 to -0.12 

250092006 Lynn, MA -0.10 to -0.02 -0.12 to 0.11 -0.01 to 0.02 

340210005 Trenton, NJ -0.01 to 0.02 -0.09 to 0.09 -0.01 to 0.02 

340230011 New Brunswick, NJ -0.02 to 0.009 -0.18 to 0.10 -0.12 to -0.08 

440071010 Providence, RI -0.05 to 0.004 -0.13 to 0.11 -0.19 to -0.12 

481210034 Denton, TX 0.09 to 0.17 -0.03 to 0.02 -0.01 to 0.02 

481410044 El Paso, TX -0.03 to -0.004 0.002 to 0.01 -0.01 to 0.02 

483550032 Corpus Christi, TX 0.06 to 0.11 -0.08 to 0.03 0.01 to 0.04 

510330001 Fort AP Hill, VA 0.12 to 0.23 -0.11 to 0.12 -0.03 to 0.01 

Table 2.7 95% confidence interval of the slopes from linear regression of 

Isoprene, LAI, and Temperature to Year. Statistical signifigance is 

indicated by green text. 
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2.3.2. Case Study: Cape Elizabeth, ME 

Cape Elizabeth, ME, was chosen as a focal site, due to its rural location in a 

moderate isoprene production area. Also, the biomes in the nearby areas consist of 

cropland/natural mosaic as well as mixed forest. The results from Cape Elizabeth 

are similar in many regards to the results from other sites, making a full 

presentation of all findings from all sites unnecessary. Data from other sites is 

included only when the presentation of further information will enhance the 

understanding of the trends. 

2.3.2.1. Temperature 

Isoprene was most correlated with temperature out of all of the variables. 

With an R2 value of 0.32, temperature can explain 32% of the variation in the 

isoprene concentrations at Cape Elizabeth, ME. Even so, there is considerable spread 

in the data, as shown for Cape Elizabeth, ME in Figure 2.5. One question that arose is 

whether the relationship between isoprene and temperature changes during 

drought. Regressions between isoprene and temperature were therefore made for 

each year, and an average drought value for the year computed. The results (Figure 

2.5) show that the relationships do change from year to year, but not in any 

consistent pattern that would indicate drought to be a driving variable.  

Table 2.8 gives the slopes, y-intercepts and 95% upper confidence limit of 

the r-values for the lines plotted in Figure 2.5, in order by increasing PDSI value. The 

slopes neither increase nor decrease in a consistent pattern. The y-intercepts also  
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Figure 2.5 Isoprene v temperature at Cape Elizabeth, ME. Regressions were 

performed for each year of data. Color represents the average 

PDSI value for each summer. Overall correlation gives R2=0.32. 

PDSI Year 
95% CI of  

Slope 
95% CI of   

y-intercept 

-2.9 2001 0.042 to 0.083 -1.66 to -1.74 
-0.4 2003 0.034 to 0.069 -1.39 to -1.46 
0.7 2002 0.067 to 0.099 -2.25 to -2.31 
1.0 2000 0.057 to 0.105 -2.27 to -2.36 
1.3 2004 0.041 to 0.093 -2.10 to -2.20 
2.5 2008 0.039 to 0.082 -1.92 to -2.00 
2.8 2007 0.042 to 0.091 -2.05 to -2.15 
3.8 2009 0.047 to 0.091 -1.98 to -2.07 
3.9 2005 0.030 to 0.104 -2.06 to -2.20 
5.0 2006 0.095 to 0.133 -3.08 to -3.15 

Table 2.8 Tabulated slopes and y-intercepts for the year-by-year correlation 

of isoprene to temperature. 
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fail to change in a consistent way between wet and dry years. None of the sites 

showed progression through slopes as drought values changed, even sites with 

more drought years than wet years. All sites show strong correlation between 

isoprene concentrations and temperature. 

2.3.2.1. Precipitation 

Isoprene shows no significant trends with 15-day average precipitation at 

any of the sites. Box plots of isoprene binned by number of days since last rain were 

created to look for spikes or drop-offs with rain after a dry spell (Figure 2.6). 

Neither occurs. Regressions of log isoprene v 15-day rainfall give slopes that are not 

statistically distinguishable from a zero slope (Figure 2.7 and Figure 2.8). While 

Cape Elizabeth has widely varying isoprene concentrations at all values of 15-day 

rainfall, other sites show a decreasing trend in the residuals, indicating that a 

contractive transformation on the precipitation data may be indicated. Performing 

the statistics with log precipitation did not improve results and was therefore 

abandoned. Hartford, CT is shown for illustration in Figure 2.8. The decreasing trend 

is most evident when isoprene is plotted against the number of days since last rain 

(Figure 2.9). Overall, precipitation is a poor predictor of isoprene. 
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Figure 2.6 Boxplot for isoprene by days since rain at Cape Elizabeth, ME. If 

there is only a star, there were less than 10 data points and only 

the average is represented. 

 

Figure 2.7 Isoprene v 15-day rainfall regression with residuals at Cape 

Elizabeth, ME. 
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Figure 2.8 Isoprene v 15-day rainfall with residuals at Hartford, CT. 

 

Figure 2.9 Isoprene v Number of days since rain with residuals at Hartford, 

CT. 
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2.3.2.1. PDSI 

PDSI cannot be used as a standalone variable to predict isoprene 

concentrations. Looking for any sort of spike or drop off in isoprene using a box plot 

of isoprene by PDSI value showed that there is none at Cape Elizabeth. None of the 

sites showed any distinctive features, including Zachary, LA which had the largest 

range of PDSI (see Figure 2.10). Regressing isoprene detrended from the 

temperature impact gives a slope of -0.033 at Cape Elizabeth (Figure 2.11), which 

translates to a potential change in isoprene of 0.5 ppb over the maximum potential 

range of 15 PDSI units. With a range of 6.98 ppb and an average of 0.61 ppb of 

isoprene at Cape Elizabeth, a 0.5 ppb (60% of the average) total biogenic isoprene 

change is unlikely to affect the ozone concentrations of a NOx-limited region. Since 

the PDSI range actually experienced at Cape Elizabeth is closer to 8 than to 15, the 

amount drops to 0.26 ppb (30% of the average) total change in isoprene as a result 

of changing PDSI. The regressions at other sites were equally uninspiring, with the 

slopes either not statistically distinguishable from zero, or even lower than at Cape 

Elizabeth (Table 2.9). Overall, drought is a poor predictor of ambient isoprene 

concentrations. 
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Figure 2.10 Boxplot for isoprene concentration by PDSI value at Cape 

Elizabeth, ME (left) and Zachary, LA (right). 

 

Figure 2.11 Isoprene detrended from temperature v PDSI regression with 

residuals at Cape Elizabeth, ME. 
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Site ID Site Name 95% CI for Slope 
Average Isoprene 

Concentration 
(ppb) 

060195001 Clovis, CA -0.02 to 0.011 1.11 

060290010 Bakersfield, CA -0.01 to 0.009 0.41 

060371002 Burbank, CA -0.005 to 0.007 0.40 

060376012 Santa Clarita, CA -0.02 to 0.011 0.41 

060650012 Banning, CA -0.03 to 0.004 0.11 

060711004 Ontario, CA -0.02 to 0.014 0.50 

060730006 San Diego, CA -0.03 to -0.005 0.26 

060731006 Alpine, CA -0.01 to 0.006 0.53 

061112002 Simi Valley, CA 0.009 to 0.039 0.25 

061113001 Oxnard, CA -0.02 to -0.002 0.08 

090031003 Hartford, CT 0.003 to 0.021 0.94 

110010043 Washington, D.C. -0.01 to -0.001 0.91 

220330013 Zachary, LA 0.0009 to 0.016 2.75 

230052003 Cape Elizabeth, ME -0.04 to -0.02 0.61 

230090102 Acadia National Park, ME -0.01 to -0.004 0.47 

250092006 Lynn, MA -0.01 to 0.005 1.22 

340210005 Trenton, NJ -0.02 to -0.002 1.00 

340230011 New Brunswick, NJ -0.005 to 0.013 1.46 

440071010 Providence, RI 0.004 to 0.03 0.61 

481210034 Denton, TX 0.02 to 0.11 0.04 

481410044 El Paso, TX -0.01 to -0.0006 0.23 

483550032 Corpus Christi, TX -0.03 to 0.038 0.02 

510330001 Fort AP Hill, VA -0.05 to 0.010 3.13 

Table 2.9 95% confidence interval of the slopes from linear correlation of 

isoprene detrended from temperature to PDSI, as well as average 

isoprene concentrations. Statistical signifigance is indicated by 

green text. 

2.3.2.1. UMD-PAR 

Linear regressions of isoprene with UMD-PAR only produce slopes physically 

indistinguishable from zero. Even with a range of 3000 
𝑊.ℎ

𝑚2.𝑑𝑎𝑦
 of PAR, there is only 

approximately a 0.3 ppb change in isoprene concentration. Looking at the changes 

in the relationship between isoprene and UMD-PAR with different PDSI values gives 

no additional information (Figure 2.12). As with temperature, the slopes of the lines 
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change, but not in any consistent pattern. As Table 2.10 shows, with the PDSI values 

in order, there is no consistent increase or decrease in the slope. Results were 

similar for all sites in the lack of noticeable trends from drought to wet years. With 

an R2 value of 0.03, the PAR data can only account for 3% of the variation in the 

isoprene concentrations. 

 

Figure 2.12 Isoprene v UMD-PAR at Cape Elizabeth, ME. Regressions were 

performed for each year of data. Color represents the average 

PDSI value for each summer. Overall correlation gives R2=0.04. 

  

PAR 
𝑊.ℎ

𝑚2.𝑑𝑎𝑦
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PDSI Year 
95% CI of  

Slope 
95% CI of  

y-intercept 

-2.9 2001 -0.00002 to 0.000230 -0.42724 to -0.50038 
-0.4 2003 -0.00002 to 0.000230 -0.37135 to -0.44449 
0.7 2002 -0.00003 to 0.000327 -0.59470 to -0.66784 
1.0 2000 0.000139 to 0.000429 -0.91187 to -0.98501 
1.3 2004 -0.00018 to 0.000153 -0.49790 to -0.57105 
2.5 2008 -0.00012 to 0.000303 -0.65904 to -0.73219 
2.8 2007 0.000158 to 0.000453 -1.22396 to -1.29710 
3.8 2009 -0.00005 to 0.000274 -0.60405 to -0.67719 
3.9 2005 -0.00017 to 0.000188 -0.44385 to -0.51699 
5.0 2006 0.000147 to 0.000432 -1.14342 to -1.21657 

Table 2.10 Tabulated slopes and y-intercepts for the year-by-year correlation 

of isoprene to UMD-PAR. Statistical significance is indicated by 

green text. 

2.4. Findings and Limitations 

Isoprene concentrations are most correlated to temperature and poorly 

correlated to PDSI, 15-day precipitation, and PAR. Two big issues with the data 

would need to be addressed for further study, namely that there is a lot of missing 

data, and a lot of noise in the data. Missing data is missing completely at random2, 

meaning that the probability of an observation being present is not affected by 

whether other observations are present or by the values of other observations. The 

                                                        
 

2 Missing completely at random indicates that if part of a record is missing, that does not 
mean that another part of the record is also missing. For instance, missing rainfall does not 
automatically mean missing temperature. 
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most straightforward statistical approach is to therefore use list wise deletion3, 

which is the methodology utilized in this study. However, more sophisticated 

methods of data replacement do exist and could potentially be used to the benefit of 

future work.  

In the case of missing PDSI values, we could be better served by creating our 

own data which would allow using estimated values for years or months that had 

missing temperature or precipitation values in the original work. Missing 

temperatures could be determined from surrounding measurements, both spatially 

and temporally. Missing precipitation values would be more difficult to determine, 

but could be found using data in the surrounding area. The PRISM data from Oregon 

State University (discussed in more detail in the next chapter) recently have been 

updated to include hourly values, and would represent a more complete dataset 

than the station observations currently used. This alone would increase the amount 

of usable data substantially. In the case of missing isoprene values, statistical 

resampling methods such as jackknifing4 could be used in determining the 95% 

upper confidence limit of each day’s maximum concentration.  

While increasing the amount of data would lead to more significant statistical 

results, there is no guarantee that the results would be any more impressive 

                                                        
 

3 List wise deletion is the deletion of any incomplete record, as opposed to using parts of the 
record for analysis as possible. 

4 Jackknifing involves removing one of the observations at a time, calculating the sample 
statistics, then combining the calculated values to estimate the population statistics. 
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physically than those presented here. If there is not a relationship, having more data 

will not make one appear. 

Another approach for future work would be to group sites together based on 

location or biome. It is reasonable to believe that the response to changing 

environmental variables would be the same in, for instance, the various Atlanta 

suburbs, so that they could be grouped together and analysis performed, thus 

adding locations that are currently excluded from the work due to insufficient data.  

Removing the noise from the data is a much more challenging task. In the 

case of anthropogenic emissions, ratios of co-emitted species can be taken, which 

reduces the noise and allows for clean analysis (Fortin et al. 2005). In the case of 

isoprene, no co-emitted species are measured, nor are the two dominant first step 

isoprene oxidation products: methacrolein and methyl vinyl ketone. Taking the ratio 

of isoprene to HCHO may provide the noise reduction desired, but it carries 

considerable error since HCHO can be formed from anthropogenic sources as well 

as biogenic ones.  

Removing the anthropogenic influence from the HCHO concentrations 

beforehand could possibly be accomplished by using multivariate correlation to CO 

and NOx to account for the directly emitted fraction, to acetaldehyde for the 

secondary anthropogenic fraction, and to wind and planetary boundary height to 

account for transport (Slemr et al. 1996). Such an analysis assumes that the lifetimes 

of acetaldehyde and formaldehyde are similar, which may not always be the case. 
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The remaining factor would be assumed to represent the biogenic portion and could 

be used to reduce noise in the isoprene concentrations. If noise reduction proves 

successful, the full multiregression analysis could then be performed, with much 

better results expected. 
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Chapter 3 

Sensitivity of MEGAN to 

Spatiotemporal Variation of Leaf Area 

Index 

3.1. Background 

Biogenic emissions play an important role in ozone and particulate matter 

formation in the lower troposphere. Simulations of biogenic emissions for 

regulatory air quality modeling often use static leaf area index (LAI) values for the 

growing season. Canopy structure, including vegetative cover and assortment of 

species, is the most important factor in determining BVOC emissions. In the MEGAN 

model, the canopy environment is described by plant functional type (PFT) 

distribution, base emission factors (EF), and the LAI. Of these, both the EF, as a 

function of location and PFT, and PFT values do not change noticeably over a given 

region on timescales shorter than a decade. LAI, however, changes through the year 
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as vegetation grows in the spring and then is harvested, and then senesces or dies in 

the fall. The variation in the timing and intensity of phenological events such as 

budburst and senescence also leads to variations in LAI from year to year. Satellite-

derived LAI is most often used in emission models due to consistently available 

values for every grid cell; however, values are often calculated only for the growing 

season and then applied as an average value to all years of modeling (personal 

correspondence with Jeremy Avise, California Air Resources Board and Mark Estes, 

Texas Center for Environmental Quality). Our research aims to assess the value in 

using dynamically updated LAI from satellite data, which would capture both the 

variation through the year and the variation from year to year.  

The root cause for vegetation variability is nutrient availability, namely 

water, carbon, nitrogen, and phosphorous. Of these, water is the easiest to study due 

to readily available precipitation data at the synoptic scale. Recent studies have 

tried to quantify the impact of water stress on vegetation at regional and global 

scales (Bobée et al. 2012). In their analysis of satellite vegetation data, Beck et al. 

(2012) found that biomes above 45°N displayed varying responses to 

environmental stressors with some areas increasing primary production and others 

decreasing primary production. Some have even gone so far as to use vegetation 

cover as an indication of drought (Aguilar et al. 2012). That drought depletes soil 

moisture which then leads to plant die-off is self evident and therefore drought is a 

primary cause of variation in LAI. The extent to which drought impacts LAI and how 

the responses vary from biome to biome is not well quantified. In this chapter, I 
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quantify the variability of the LAI in two different data sets, as well as probe 

possible relationships to temperature, precipitation, and drought. 

Because drought is correlated with high temperatures in the Southeast US 

(Duncan et al. 2009), and because high temperatures also lead to increased isoprene 

production, there may be a contradictory feedback in isoprene emission response to 

severe drought. Recent studies give conflicting conclusions on the impact of 

interannual variation in LAI on isoprene emissions. Gulden et al. (2007) indicate 

that variation in LAI is at least as important as variation in temperature. A more 

recent paper by Tawfik et al. (2012) disputes this claim, indicating that interannual 

variation in LAI is actually unimportant, particularly when compared to soil 

moisture, temperature, or photosynthetically active radiation. However, it is difficult 

to compare the results from these two studies directly due to differences in the 

spatiotemporal variability of their LAI data. In light of the disparity in the 

conclusions drawn by these two studies, we have assessed the sensitivity of MEGAN 

to LAI inputs by quantifying the variability of both the input LAI and output 

isoprene values using datasets with differing amounts of variability. Further 

analysis was done to compare the amount of change both in the LAI and in the 

model output between two years with differing drought conditions. Finally, we 

assessed the extent to which a variety of climatological factors correlate to, and 

therefore presumably influence, LAI values from year to year. 
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3.2. Methods 

3.2.1. Data Sources 

Three different satellite-derived LAI products were used. The first was 

produced by Boston University using LAI from the MODIS instrument on the Terra 

satellite (MODIS-LAI). Raw values were processed into 0.25˚x0.25˚ monthly 

averages using the algorithm outlined in Yuan et al. (2011). MODIS-LAI spans the 

years 2000 to present. Degradation of the sensors led to faulty output beginning in 

2010, however, so only the years 2001 to 2010 were used. The second was also 

produced by Boston University, this time using LAI3g, which was developed from 

NDVI3g. The Global Inventory Monitoring and Modeling System (GIMMS) project 

included processing NDVI from the various AVHRR instruments. The third 

generation GIMMS NDVI from AVHRR sensors span the years 1981 to 2011. The 

resulting NDVI3g product was then processed into LAI3g 1/12th˚x1/12th˚ resolution 

half-month averages (AVHRR-LAI), which spans 1981 to 2011 also. Part of the 

impetus in using the AVHRR data was to increase the sample size from 10 to 30, 

thus being able to rely better on the statistics performed. The third product was 

developed by Stöckli et al. using a phenology model (Stöckli-LAI). The spatial 

resolution, at 1.0˚x1.0˚, is lower than that of the other LAI products. Stöckli-LAI 

provides daily values for the years 2000 to 2010. The file for the year 2000 had 

large amounts of missing data and was therefore excluded from the study. 
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Temperature and precipitation data were taken from the PRISM Climate 

Group at Oregon State University. Values are determined by spatially interpolating 

meteorology station data. The PRISM algorithm is unique in that it takes local 

topography into account (Daly et al. 1994, 2008). Monthly averages of total daily 

precipitation and maximum daily temperature were used. The values, originally at 

1/24th degree resolution, were aggregated to match the LAI data using simple 

average. 

PDSI data are again taken from the dataset developed by Dai et al. (2004). 

3.2.2. Statistical Analysis 

Interannual variation (IAV, as used by Tawfik et al., 2012) of the LAI was 

determined for each cell in a given month by taking the relative mean difference of 

the monthly value and the average for that month (Equation 3.1).  

Equation 3.1 Interannual Variation 

𝐼𝐴𝑉 =
1

𝑛
∑ (|

𝑥𝑦,𝑚−𝑥𝑚̅̅ ̅̅̅

𝑥𝑚̅̅ ̅̅̅
|)

𝑛

𝑦=1
 

n = number of years 
𝑥𝑦,𝑚 = value for month and year 

𝑥𝑚̅̅ ̅̅  = average for month over all years 

 

Anomalies were calculated for each grid cell by subtracting the average value 

through the years for a given month from the monthly values. Anomalies were 
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calculated for LAI, temperature, precipitation, lagged precipitation, accumulated 

precipitation, and UMD-PAR. Anomalies were not calculated for PDSI due to the fact 

that PDSI is a metric that gives the deviation from a presumed climatological norm. 

Linear correlations were then performed at each grid cell of the LAI anomalies with 

the UMD-PAR, temperature, precipitation, lagged precipitation, and accumulated 

precipitation anomalies, as well as with PDSI.  

Four regions were chosen for a more in-depth study: SE US, NE US, E Texas, 

and S California (Figure 3.1). These regions were chosen because they have 

continued to exceed the regulated limits for ozone and/or PM, as well as having 

moderate to high isoprene emissions. Additionally, interesting trends appeared for 

these areas in every part of the work performed, and were therefore good for in 

depth analysis. Regressions using paired anomaly data from each pixel and each 

year were then performed in each region by biome type. The biome distribution of 

each region is represented in Figure 3.2. 
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Figure 3.1 The four regions of interest selected for more in depth study: SE 

US, NE US, E TX, and S CA. 

 

Figure 3.2 Biome distribution in each region using the same categories as 

Figure 1.1. Non-vegetated pixels were excluded. 

SE US 

NE US 

E TX 

S CA 
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3.2.3. MEGAN Modeling 

The impact of the spatiotemporal variation of LAI on MEGAN output was 

assessed by running a three part ensemble of MEGAN version 2.10. Emission factor 

and plant functional type maps were taken from the MEGAN website and were 

constant in all runs. A model grid of 36km resolution for the continental US was 

chosen for all runs.  

The first ensemble member used a ten-year period (2000 to 2009) with 

separate runs with the MODIS-LAI and the Stöckli-LAI as inputs. AVHRR-LAI was 

excluded since the values are not considered accurate, and the output would 

therefore presumably carry large amounts of error. The runs were performed using 

one day (July 20, 2008) of meteorology (temperature and PAR) replicated for the 

entire run, therefore capturing diurnal changes but eliminating seasonal and year-

to-year changes of meteorological inputs. The IAV of the modeled isoprene 

emissions estimates were then calculated and compared to those of the inputs. 

The second ensemble member used the same LAI inputs as before, but this 

time with meteorology modeled using the Weather Research and Forecasting Model 

version 3.5 (WRF) for June, July, and August of 2005 and 2007. WRF was run with 

North American Regional Reanalysis inputs for the boundary and initial conditions. 

Observational nudging was performed using the National Centers for Environmental 

Protection observations. The physics options included the Morrison 2-Moment 

scheme for microphysics, the RRTMG scheme for both longwave and shortwave 



 71 
 

radiation, the Pleim-Xiu scheme for surface physics, the Pleim scheme for boundary 

layer physics and the Kain-Fritsch scheme for cumulus physics. The model was run 

for the same 36km grid as the MEGAN model, with a slightly larger domain so as to 

not use boundary cells in the MEGAN run. 

The third ensemble member used 10-year averages of LAI for each month, so 

that seasonal changes in LAI would be reflected, but year to year changes would be 

ignored. These runs used the same meteorology from WRF as the second ensemble 

member. By taking the difference of the second and third members (that is, the 

difference in the output with varying LAI versus stagnant LAI), the effects of the 

changes in LAI were isolated and could be compared to the percent anomaly of LAI 

for a given month. 

3.3. Results and Discussion 

3.3.1. Differences of Variation in LAI from Three Sources 

The three different sources of LAI show differing amounts of spatial 

variability (Figure 3.3), which is caused in part by the different resolution of the 

datasets. Even so, the modeled Stöckli-LAI shows a much smoother gradient than 

either of the satellite products. The range of values is also different for each product. 

Stöckli-LAI has much lower values, with the July maximum reaching 4.8 – a full 1.8 

LAI units below the MODIS-LAI maximum of 6.6. AVHRR-LAI has a lower maximum 

than MODIS-LAI at 6.3. The forested regions in particular of the AVHRR-LAI show 
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lower values than the MODIS-LAI, and the spatial patterns are slightly different, 

especially at the edges of biomes. 

The AVHRR LAI shows the most interannual variation (Figure 3.4), with a 

maximum IAV of 172% in July. In the mixed forests of the Southeast US, where 

isoprene emissions are highest, the IAV is actually lowest. Most of this region shows 

IAV of less than 15% in July. The IAV over open shrublands and grasslands in West 

Texas is highest, reaching above 25% in July. Well developed vegetation such as 

forests have less variable LAI since they do not have to devote as much primary 

production to establishing roots and stems (San José and Montes 2007). Similarly, 

croplands show more variability since they must grow from seed every year, but not  
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Figure 3.3 Average LAI values over the continental US in March (left) and July 

(right) for three different products: Stöckli-LAI (top), MODIS-LAI 

(middle), and AVHRR-LAI (bottom). Notice the differences in 

spatial variability as well as the differences in the maximum 

values. 

as much variability as native grasslands that do not benefit from irrigation and 

fertilization. Additionally, the pattern of variability shifts through the year, with 

𝑚2 𝑚2⁄  𝑚2 𝑚2⁄  

𝑚2 𝑚2⁄  𝑚2 𝑚2⁄  

𝑚2 𝑚2⁄  𝑚2 𝑚2⁄  
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large swaths of cropland showing greater variability in July than in March. The SE 

US forests have the opposite trend, with higher variability in March than in July. 

The MODIS LAI shows the same trends as the AVHRR with some smoothing 

due to lower resolution. Even in the SE US forests, the difference is easily noted. 

While the AVHRR variation indicates up to 15% IAV in parts of the region, the 

MODIS variation stays largely below 10%. The disparity is due not only to resolution 

differences, but also likely to instrumental and algorithmical differences. Where the 

MODIS-LAI is generated from look up tables as LAI=f(reflectivity, location, time of 

year, biome type), the AVHRR-LAI is computed from NDVI3g. Retrieval of NDVI is 

purely based on Equation 1.2. It is worth noting that NDVI values saturate at high 

LAI values (Myneni et al. 2002) due to their logarithmic relationship. The variation 

of the AVHRR-LAI is therefore similar to that of the MODIS-LAI over forested regions 

during times of full growth. The most striking example of the difference in the 

variability of the two datasets can be seen over Iowa in March: The AVHRR-LAI 

shows almost no variation while the MODIS-LAI shows a great deal of variation.  

The Stöckli-LAI is much less variable than either satellite product, both 

spatially and temporally. The maximum IAV in the Stöckli et al. data for July is 22% 

while the maximum IAV in the MODIS data is 75%. Also, the IAV in the Stöckli et al. 

data is less than 10% for most of the nation while the IAV in the MODIS data is 

greater than 10% for over half of the nation. The broad pattern of variability is 

similar; the Stöckli dataset is, however, very smooth and lacking the hot spots that 

appear in the MODIS-LAI dataset. 
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The disparity in the variation in the MODIS data processed by Boston 

University and the Stöckli LAI datasets stems from the algorithm used to process 

satellite input. The algorithm employed by Boston University directly utilizes MODIS 

observations, adjusting the data primarily to correct for error produced by clouds or 

instrument failure (Yuan et al. 2011). The algorithm employed by Stöckli et al. 

involved extensive constraints on the data, including maximum and minimum LAI 

values based on biome and excluding all flagged data from MODIS, including limiting 

data to days with no cloud cover. Additionally, the Stöckli et al. data were put 

through an empirical phenology model that incorporates moisture and temperature 

conditions. The main goal of the Stöckli et al. data is to correctly identify timing of 

important phenological events such as budburst, whereas the BU team is focused on 

presenting the best MODIS data possible. The goal of each is distinct, and therefore 

each produces very different results. 

Relative uncertainties average 26.6% for unprocessed MODIS values for LAI 

(Fang et al. 2012). The uncertainty for the processed data has not been calculated, 

but would be less than for the raw data due to noise reduction during processing. 

The IAV for MODIS-LAI used in this study is almost always less than 25%, indicating 

that the uncertainty may exceed the calculated variation from year to year.  
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Figure 3.4 Interannual variation for the Stöckli et al. (Top), MODIS (Middle) 

and AVHRR (Bottom) LAI datasets in March (Left) and July (Right). 

Stöckli and MODIS values are for the years 2001 to 2010 and 

AVHRR values are for the years 1981 to 2011.  
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3.3.2. Correlation of LAI to Climate Factors 

3.3.2.1. LAI v Temperature 

In March, the vegetation in most of the country shows a negative correlation 

to temperature, meaning that there are more leaves during drought than during wet 

spells. The vegetation in these areas is not under water stress during this time of 

year, so that during drought, the increase in temperature and light leads to higher 

leaf production (Figure 3.5). By July, however, the vegetation in most of the country 

shows a positive correlation to PDSI. Drier conditions during the summer lead to 

higher water stress for plants, so that drought conditions negatively impact 

vegetation. Some areas still show a negative correlation to PDSI, mostly in heavily 

forested regions. The deserts of the Southwest, on the other hand, have a positive 

correlation year round to PDSI, since any precipitation in the desert leads to an 

increase in vegetation.  

The AVHRR LAI produces more areas with a significant r-value than the 

MODIS LAI. The finer spatial scale makes it possible to better distinguish certain 

features, such as the tail of the Appalachian Mountains in North Carolina and 

Georgia. The correlations also have 29 years with AVHRR, as opposed to only 10 

with MODIS, which would increase the statistical significance. Even with these two 

caveats, it would appear that the greater variability of the AVHRR LAI produces a 

better correlation to meteorological events than the MODIS LAI. Unfortunately, 

AVHRR LAI values are often too high (Gulden et al. 2007) and cannot be used alone 
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to drive BVOC emissions models. Methods that use AVHRR variability with values 

constrained by the more realistic MODIS values produce very different BVOC 

sensitivity results than those found here (Gulden et al. 2007). 

 

Figure 3.5  Pearson’s r-values from the correlation of MODIS (left) and 

AVHRR (right) LAI to monthly average of daily maximum 

temperature for March (top) and July (bottom). Negative r-values 

are blue in these images to make comparison with other images 

easier since temperature generally increases in drought and we 

expect LAI to decrease as temperature increases. Only 95% 

significant r-values are displayed. 
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3.3.2.1. LAI v Precipitation 

Timing and amount of precipitation impact vegetative cover, affecting both 

the establishment of new plants and the growth of existing plants (Whittaker 1970). 

As an exploration of these phenomena, we performed a variety of correlations 

between LAI and precipitation, including using precipitation from prior months and 

accumulated precipitation for up to a year. While lagged precipitation values for an 

individual month were less well correlated with LAI than the current month’s 

precipitation, accumulated precipitation provided much stronger correlations. We 

present only the 9-month accumulated precipitation correlated to LAI.  

As seen earlier, the AVHRR LAI provides more areas with statistically 

significant correlations and shows more nuance in the results. LAI values in March 

do not correlate to precipitation for the vast majority of the country, which is likely 

due to low variability in LAI during that month. Indeed, looking at the coefficient of 

variation map for AVHRR LAI in both months is revealing in that areas with higher 

coefficient of variation (CV, a measure of variability) also show better correlation to 

precipitation. The question remains, however, what is leading to greater variability 

in some areas and less in others? In places with high variability, such as grasslands, 

precipitation appears to be an important factor, but is the precipitation driving the 

variability, or is something else? The areas in the country with the largest LAI values 

show no statistically significant linear relationship to 9-month precipitation. This 

indicates that heavily forested areas do not experience large changes in LAI due to 

fluctuations in rainfall rate, likely due to their deeply established root system. 
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Additionally, more areas correlate well with precipitation than with temperature in 

July, while the opposite is true in March. This suggests that precipitation is a better 

metric for understanding changes in vegetative cover late in the summer, while 

temperature is a better metric in the spring.  

 

Figure 3.6 Correlation of 9-month accumulated Precipitation to MODIS (left) 

and AVHRR (right) LAI. Only 95% significant r-values are 

displayed. 

Ecosystems develop based on topography, precipitation, and snow duration 

(Barbour et al. 1979). Vegetative cover of a given area is well adapted to seasonal 

changes in water availability, which is caused largely by soil type and variation in 
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precipitation. Water stress leads to wilting, then plant die-off, but excess water can 

also lead to lower production. Studies of individual species confirm that partial 

rootzone drying can lead to increased growth or productivity in agricultural 

applications (Romero-Conde et al. 2014). Additionally, the effects of precipitation 

are not limited to total precipitation, but also to timing and intensity of precipitation 

events (Peng et al. 2013; Zeppel et al. 2014). These results have been extrapolated 

to ecosystem-wide leaf growth responses in forested areas, with a focus usually on 

basal area rather than leaf area (for example, Fekedulegn et al. 2003). 

 

Figure 3.7 Coefficient of Variation for AVHRR LAI in March (left) and July 

(right). Notice how areas with high CV show better correlations 

between LAI and precipitation. 

Since the regressions made here use a continuum of precipitation values, the 

results do not indicate responses to extreme events, but rather responses to the 

more common perturbations that occur from year to year. The simple correlations 

performed here can be used as an indicator of whether an ecosystem is water 

limited (positive r-values) or water rich (negative r-values), with the vast majority 
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of the country having LAI values that are indifferent to naturally occurring 

fluctuations in precipitation. This hypothesis requires further testing for rigor and 

may only be useful as a first estimate.  

3.3.2.1. LAI v Drought 

Due to high correlation of drought and temperature (Duncan, 2009) the 

regional and temporal patterns of LAI-temperature correlation are similar to those 

of LAI-drought correlation (Figure 3.5 and Figure 3.8). Drought correlates to a 

reduction in vegetation for most of the country, particularly grasslands, shrublands 

and croplands. Areas showing higher LAI during drought conditions are mostly 

forested areas when using the MODIS LAI. AVHRR LAI also has a positive 

relationship over much of the center of the country, which brings into question the 

validity of this result. In this case, the AVHRR LAI does not provide any better 

information than the MODIS LAI, in that the areas of statistically significant 

relationships are sparse and the sign over many areas is in disagreement between 

the two. This would suggest that there is not any linear relationship between LAI 

and PDSI. We hypothesize that there is a non-linear response of vegetation to PDSI 

and perform further computations in section 4.3.2.2 to ascertain whether this is the 

case or not. 
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Figure 3.8 Leaf Area Index anomalies correlated to PDSI. 10 year (2001 to 

2010) MODIS LAI (left) correlated to Dai’s PDSI pixel by pixel. 29 

year (1982 to 2010) AVHRR LAI correlated to PDSI is on the right. 

Only pixels with 95% confidence significant r-values displayed. 

Notice that Red indicates higher LAI during drought conditions 

while blue indicates lower LAI in drought conditions. 

3.3.2.2. LAI Correlations by Biome 

Performing correlations with more data taken from large areas improved the 

statistical significance. Table 3.1 provides the slopes and Pearson’s r-values for 

correlations of LAI anomalies to temperature anomalies, precipitation anomalies, 

and PDSI. Figure 3.9 shows scatterplots of these relationships for the mixed forest 

biome in the SE US. The graphs for other regions and biomes were very similar in 
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trends and are therefore not shown here. The magnitudes of the slopes are too small 

to have any physical significance in heavily forested areas, but are potentially 

significant in areas with very low LAI values to begin with. For instance, 

temperature anomalies have a range of no more than 20˚C for the cases examined. 

The maximum slope between LAI and temperature in forested regions is 0.029, 

which would produce a maximum difference of 0.6 LAI units. In a forested region, 

this is a marginal change. In the grasslands of East Texas, however, a change of 0.6 

LAI units represents a potential 25% difference. Also of note is that there is no 

distinguishable nonlinear pattern. LAI does not drop off with very negative PDSI 

values. 
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Figure 3.9 Linear regressions of LAI anomalies to temperature anomalies 

(top), precipitation anomalies (middle), and PDSI (bottom) for the 

Mixed Forest biome type in the SE US, as well as the residuals 

(right). Colors are used for each season, with blue for winter, 

green for spring, red for summer, and cyan for fall. 95% 

confidence intervals for the slopes can be found in Table 3.1. 
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Table 3.1 95% confidence intervals for the slopes of linear regressions of 

LAI anomalies with temperature anomalies, precipitation 

anomalies, and PDSI in four regions by biome. 

3.3.3. Modeling Results 

3.3.3.1. Interannual Variability 

While we have shown that LAI varies significantly from year to year, there is 

disagreement on the magnitude of interannual variation in the resulting isoprene 

emissions (Gulden et al. 2007; Tawfik et al. 2012). This disagreement very likely 

stems from the difference in methods used in determining appropriate LAI values. 

Gulden et al. (2007) used the Community Land Model to determine LAI values that 

used the variability from AVHRR but were constrained with upper bounds from 

MODIS. Tawfik et al. (2012), however, used the LAI values produced by Stöckli et al. 

(2011) using a phenology model. The improved correlation of AVHRR LAI to various 

Region ->

Parameter LCI UCI LCI UCI LCI UCI LCI UCI

Temp 1.83E-02 2.37E-02 4.14E-02 4.46E-02

Precip -1.10E-03 -9.05E-04 -1.08E-03 -9.24E-04

PDSI -1.39E-02 -1.01E-02 -1.54E-02 -1.26E-02

Temp 1.11E-02 1.49E-02 4.76E-02 5.44E-02

Precip -1.05E-03 -9.45E-04 -1.13E-03 -8.72E-04

PDSI -1.02E-02 -7.82E-03 -2.48E-02 -1.92E-02

Temp -6.39E-04 2.64E-03 -2.02E-02 -1.58E-02

Precip -4.41E-05 4.41E-05 -6.00E-05 6.00E-05

PDSI 9.59E-04 3.04E-03 1.34E-02 1.66E-02

Temp -6.80E-03 -3.20E-03

Precip -4.99E-05 4.99E-05

PDSI 2.63E-03 5.37E-03

Temp -6.07E-03 -1.93E-03 2.53E-02 2.87E-02

Precip -6.91E-05 6.91E-05 -7.80E-05 7.80E-05

PDSI 1.26E-02 1.54E-02 -3.38E-03 -6.16E-04

Temp -4.91E-02 -4.69E-02

Precip 9.55E-04 1.05E-03

PDSI 5.31E-02 5.49E-02

Temp -2.61E-03 -1.39E-03

Precip -4.50E-05 4.50E-05

PDSI 7.60E-03 8.40E-03

Grasslands

Open Shrublands

 S CA E TX NE US SE US
Biome

Deciduous Broadleaf Forest

Mixed Forest

Woody Savannas

Croplands

Crops and Natural Mosaic
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meteorological parameters suggests that it provides the best information about 

variability. Unfortunately, the amplitude of the AVHRR LAI values is too high, with 

MODIS providing much more realistic numbers. The approach of Gulden et al. 

(2007) would appear to be the most robust approach to processing LAI values for 

use in MEGAN.  

 MODIS-LAI Stöckli-LAI 
Month LAI IAV (%) Isoprene IAV (%) LAI IAV (%) Isoprene IAV (%) 
June 19.1 0.8 6.2 1.0 
July 17.9 1.3 10.7 1.6 

August 20.7 1.6 14.7 1.6 

Table 3.2 Maximum amount of IAV for the input LAI and output isoprene 

emissions estimate for locations with isoprene emissions larger 

than 100 
𝒎𝒈

𝒎𝟐.𝒅𝒂𝒚
. 

Running MEGAN with varying LAI, but all else constant, shows a reduction in 

temporal variability between the input LAI and the output isoprene emissions 

estimate (Table 3.2). The trend holds true not only for the maximum values, but for 

the entire model domain (Figure 3.10). Since all other factors are held constant, the 

variability in LAI drives the variability in emissions. Using MODIS-LAI to run MEGAN 

produces an average change of -7.0 IAV units between LAI IAV and isoprene 

emissions IAV for July in areas with emissions over 100 
𝑚𝑔

𝑚2.𝑑𝑎𝑦
 (essentially the 

forests of the SE US), while Stöckli-LAI produces an average -4.1 IAV unit change in 

the emissions IAV. The response of modeled monoterpene emissions is similar to 

that of isoprene (Figure 3.11). If the variability of other factors is amplified in 

MEGAN output, this could support LAI variability being less important than those 
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factors. Even with the muting, a few areas that are out of compliance for the NAAQS 

standards of ozone or PM show significant variation in modeled isoprene. These 

areas include West Texas, Southern California, Colorado, and Arizona, where the 

change in isoprene estimated by MEGAN is 10 to 20% of the average value (not 

shown). 
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Figure 3.10 Top – Interannual variation for the MODIS-LAI (left) and Stöckli-

LAI (right) inputs in July for the years 2001 to 2010. MODIS-LAI is 

at quarter-degree resolution while Stöckli-LAI is at one-degree 

resolution. Middle – Interannual variation in MEGAN isoprene 

emissions for 20 July with the respective LAI inputs. Bottom – 

Average MEGAN isoprene emissions for the same day in mg/m2. 

𝑚𝑔

𝑚2. 𝑑𝑎𝑦
 

𝑚𝑔

𝑚2. 𝑑𝑎𝑦
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Figure 3.11 Interannual variation in MEGAN monoterpene emissions for 20 

July for the MODIS-LAI (left) and Stöckli-LAI (right) inputs. The 

patterns are very similar to those for isoprene in Figure 3.10. 

Choice of LAI dataset impacts spatial variability of estimated emissions 

(Figure 3.12), as can be seen by comparing the percent anomaly for a given year to 

the emissions that can be attributed to that anomaly. While the spatial patterns of 

anomalies for the MODIS-LAI and Stöckli-LAI are similar, the magnitudes of the 

Stöckli-LAI anomalies are much lower than those of the MODIS-LAI anomalies. This 

difference is reflected in the model output. 
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Figure 3.12 Top – July 2007 LAI % Anomaly from MODIS (left) and Stöckli  

(right).  The MODIS LAI shows more spatial and temporal 

variability than the Stöckli-LAI. Bottom – Modeled isoprene 

emission difference between a run with varying LAI and a run with 

average LAI using the two different LAI inputs.  

Temporal variability in LAI leads to muted temporal variability in emissions. 

Regional managers must decide if the small annual fluctuations in BVOC will have 

significant impacts on local air quality. In general, it is more important to have a 

high spatial resolution product with monthly or better values of LAI. The added 

benefit of updating LAI every year appears to be small for most regions, and the 

error could be captured by perturbing output isoprene values five percent in either 

direction. 

𝑚𝑔

𝑚2. 𝑑𝑎𝑦
 

𝑚𝑔

𝑚2. 𝑑𝑎𝑦
 

% % 



 92 
 

Chapter 4 

Overall Drought Impact and 

Comparative Sensitivities of MEGAN to 

PAR, LAI, and Temperature 

 

4.1. Background 

Drought typically brings lower cloud cover, leading to higher temperatures 

and increased sunlight in the continental US, although this is not always true and is 

certainly not the case in regions heavily affected by monsoons. Enclosure and eddy 

flux studies (Bracho-Nunez et al. 2011; Fares et al. 2011; Park et al. 2011; Tani et al. 

2011; Pokorska et al. 2012; Šimpraga et al. 2011) have shown that where increased 

temperature, PAR, and LAI increase BVOC emissions,  increased soil moisture 

decreases BVOC emissions. Continuously increasing leaf temperatures leads to a 
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decrease in isoprene production once a threshold of tolerance has been reached 

(Guenther et al. 1993). It is not clear whether this effect would lead to ecosystem-

wide reductions in isoprene emissions because leaves lower in the canopy will be 

shaded and stay cooler than leaves at the top, and can therefore continue to produce 

large amounts of isoprene as air temperatures rise. An enclosure study of two major 

Quercus species did not show any plateau of isoprene emissions with air 

temperatures up to 30˚C (Tani et al. 2011), which is still well below the threshold of 

35˚C seen in Figure 3 of Guenther et al. (1993). MEGAN only estimates top of canopy 

emissions and therefore ignores any effects of chemistry within the canopy. Even 

when coupled with more complicated models, the canopy layer is much smaller than 

the vertical grid size at the surface (21 meters) for practical modeling purposes, 

except in the case of tall forests.  

PAR will only increase light sensitive BVOC production so long as light can 

reach more leaves, with a diminishing return once the canopy is light saturated due 

to shading of lower leaves. Increasing LAI leads to a linear increase in light sensitive 

emissions, but a logarithmic increase of light insensitive emissions.  Additionally, 

changes in vegetative cover caused by drought can affect BVOC emissions. Given the 

inconsistency in how environmental variables respond to drought, as well as the 

inconsistency in how BVOC emissions respond to those environmental variables, it 

is difficult to say what the net effect of drought will be on BVOC emissions. 

Furthermore, MEGAN shows varying sensitivity to the various environmental 

inputs. Gulden et al., (2007) and Tawfik et al., (2012) disagree about the importance 
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of both LAI and PAR in driving MEGAN. The sensitivity of MEGAN to LAI variability 

was explored in the previous chapter. PAR values used to drive MEGAN have a large 

impact on the output values, even if the annual variability proves unimportant. 

There are currently two options of PAR implemented in MEGAN. The first is to use 

PAR from the modeled meteorology data and the second is to use PAR from satellite.  

Regional meteorology models such as WRF have a tendency to overestimate 

PAR due to underestimation of two kinds of clouds: high, thin cirrus clouds and 

small, mid-level cumulus puffs, both of which are smaller horizontally or vertically 

than the model resolution (Yarwood et al. 2012). Given that excess PAR leads to 

overestimation of isoprene in MEGAN, switching from modeled PAR to the lower 

values of satellite PAR should produce better results. Yarwood et al. 2012 indeed 

show a substantial decrease in the emissions estimated by MEGAN when using 

satellite PAR as compared to using WRF PAR. 

The impact of using different sources of PAR input on MEGAN output is 

explored. The relative importance of PAR, LAI, and Temperature are quantified and 

compared across regions and biomes. 

4.2. Methods 

Photosynthetically active radiation (PAR) data were developed by Rachel 

Pinker’s group (Pinker and Laszlo 1992; Frouin and Pinker 1995) at the University 

of Maryland (UMD-PAR). Cloud cover derived from the GOES satellites was used to 



 95 
 

compute PAR fields as half the incoming shortwave radiation5 (Frouin and Pinker 

1995).  

Version 2.10 of MEGAN was run with temperatures taken from WRF. Details 

about the WRF runs were discussed previously. Note that the shortwave radiation 

scheme chosen, RRTMG, uses maximum random overlap for computing cloud 

fractions. While this provides more nuance than a binary approach, it still only 

accounts for grid resolved clouds. The plant functional type and emission factor 

maps provided on the MEGAN website were used. All other options were set to 

default values. Five simulations were performed in order to assess sensitivity of 

MEGAN to PAR inputs, to LAI inputs, and to drought overall.  

For assessing the sensitivity to PAR inputs, the first simulation used PAR 

values calculated from insolation modeled by WRF (WRF-PAR) and constant 

MODIS-LAI. The second simulation used UMD-PAR and constant MODIS-LAI. The 

difference in the input values, as computed photosynthetic photon flux density 

(PPFD), was determined and compared to the difference in the output isoprene 

emission values. A partial sensitivity factor was developed (Equation 4.1) for 

comparing the PAR sensitivities of isoprene, monoterpenes, and sesquiterpenes to 

the temperature and LAI sensitivities in four regions, as described earlier (Figure 

3.1).  The WRF-PAR and UMD-PAR were also compared to ground measurements 

                                                        
 

5 The correspondence of PAR to insolation is actually much more complicated, and current 
research at University of Alabama – Huntsville is working on incorporating sun angle and other 
complicating factors to produce a better satellite derived product. 
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from the Surface Radiation budget network (SURFRAD), a system of ground based 

sensors run by NOAA.  

∆𝐼𝑆𝑂𝑃

∆𝑃𝐴𝑅
= (

𝐼𝑆𝑂𝑃, 𝑈𝑀𝐷𝑃𝐴𝑅, 2005 − 𝐼𝑆𝑂𝑃, 𝑊𝑅𝐹𝑃𝐴𝑅, 2005
𝑃𝐴𝑅,𝑈𝑀𝐷,2005−𝑃𝐴𝑅,𝑊𝑅𝐹,2005

𝑃𝐴𝑅,𝑊𝑅𝐹,2005

) 

𝑤𝑖𝑡ℎ 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 𝐿𝐴𝐼 

Equation 4.1 Sensitivity of MEGAN estimated isoprene to PAR 

In order to assess sensitivity to LAI, the third simulation used LAI values that 

did not change from year to year and the fourth simulation used meteorology that 

did not change from day to day, using one day (July 20, 2008) replicated for the 

entire run. The partial sensitivity factor for LAI (Equation 4.2) was calculated for the 

various regions and biomes described earlier (Figure 3.2). 

∆𝐼𝑆𝑂𝑃

∆𝐿𝐴𝐼
= (

𝐼𝑆𝑂𝑃, 2007 − 𝐼𝑆𝑂𝑃, 2005
𝐿𝐴𝐼,2007−𝐿𝐴𝐼,2005

𝐿𝐴𝐼,2005

)  

𝑤𝑖𝑡ℎ 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 𝑚𝑒𝑡𝑒𝑜𝑟𝑜𝑙𝑜𝑔𝑦 

Equation 4.2 Sensitivity of MEGAN estimated isoprene to LAI 

The fifth and final simulation had fully dynamic LAI and meteorology. In 

order to assess the full impact of drought conditions on BVOC emissions estimates, 

MEGAN was run for two summers, each of which had contrasting patterns of wet 
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and dry conditions in different parts of the country. PDSI maps show a somewhat 

wet year in 2005 and a very dry year in 2007 for the SE US and California. By 

contrast, Texas experienced mild drought in 2005 and a wet year in 2007 (Figure 

4.1). Temperatures in the SE US and TX increased with drought, while in CA they 

decreased (Figure 4.2). Again, a metric for the partial sensitivity of the BVOC’s to 

temperature was calculated for the various regions and biomes (Equation 4.3). 

∆𝐼𝑆𝑂𝑃

∆𝑇
= (

𝐼𝑆𝑂𝑃, 2007 − 𝐼𝑆𝑂𝑃, 2005
𝑇,2007−𝑇,2005

𝑇,2005

)  

𝑤𝑖𝑡ℎ 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 𝐿𝐴𝐼 

Equation 4.3 Sensitivity of MEGAN estimated isoprene to temperature 

 

Figure 4.1 Drought patterns over the continental US in July 2005 and 2007. 
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Figure 4.2 Temperature difference in WRF output from 2005 to 2007. 

The partial sensitivity factors were calculated for each pixel and descriptive 

statistics were performed on each category after removing outliers. With the 

sensitivity metric defined here, we show the change in isoprene normalized to a 

100% change in a given parameter. Multiplying the sensitivity value by the fraction 

change of the relevant parameter provides an estimate of how large a change in 

isoprene emissions can be expected from the change in the input. 

 

∆𝐼𝑆𝑂𝑃

∆𝑇
= (

𝐼𝑆𝑂𝑃, 2007 − 𝐼𝑆𝑂𝑃, 2005

𝑇,2007−𝑇,2005
)  

𝑤𝑖𝑡ℎ 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 𝐿𝐴𝐼 

Equation 4.4 Change in MEGAN estimated isoprene per °C 
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4.3. Results 

Isoprene emissions increased with increasing temperature, regardless of the 

drought condition (Figure 4.3). Drought led to an average 7.6% increase in 

temperatures and a subsequent average 3.7% increase in isoprene emissions in East 

Texas, and an average 2.4%/0.2% temperature/isoprene increase in the SE US. In 

Southern California, however, drought led to an average 5.5% decrease in 

temperatures and a subsequent average 9.3% decrease in isoprene emissions. When 

all of the impacts are taken together, the result is that temperature, not drought, is a 

good predictor of isoprene emissions.  
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Figure 4.3 July 2005 PDSI (top left) and  July 2007 PDSI (top right), 

Temperature difference from 2005 to 2007 (bottom left), and 

Modeled emission difference from 2005 to 2007 (bottom right).  

Our comparison of MEGAN outputs using WRF-PAR and UMD-PAR supports 

the results reported by Yarwood et al. 2012. WRF consistently produced higher PAR 

values than the satellite (Figure 4.4). Spatial patterns of the two products are 

similar, with high PAR values in the West and lower PAR values near the Gulf Coast 

and extending into the Northeast. Even though the broad spatial patterns are 

similar, there are many discrepancies at smaller scales, such as in the four corners 

area and in Florida. 
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Figure 4.4 Satellite-Derived (left) and WRF-Derived (right) Photosynthetic 

Photon Flux Density (PPFD) for July 2007. Notice how the model 

consistently underpredicts PAR. 

Comparison to SURFRAD ground stations (Figure 4.5) shows that the satellite 

values are closer to the measured values than the WRF-PAR is. In all cases, WRF 

overpredicts PAR. Only in Desert Rock, NV is the WRF prediction closer to the 

SURFRAD observation that the satellite product. High reflectance in the desert could 

lead to greater error in the satellite retrieved PAR than in other parts of the nation. 

However, BVOC emissions are also very low in the desert and larger errors in PAR 

for desert regions are of minimal concern in regards to BVOC modeling. 
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Figure 4.5 Comparison of insolation values from satellite, WRF, and ground 

observation for six sites. The satellite-derived values are 

consistently closer to ground observations than the WRF-derived 

values. 

While the PAR predicted by WRF is higher than that measured by satellite 

over the entire country, the impact of the difference on emissions is biome 

dependent (Figure 4.6). Forested areas, for instance, show a much larger increase in 

estimated emissions than non-forested areas, implying a greater sensitivity to light 

in these regions. The percent change in emissions is lower in the southeast forests, 

however, compared to other regions, since the emissions are higher to begin with.  

Monoterpenes and sesquiterpenes show similar results to isoprene in that a 

reduction in PAR leads to a reduction in emissions, with the value of the reduction of 

a similar order of magnitude to emissions. Spatial patterns of the differences are 
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very similar for all three chemical species. Monoterpenes and sesquiterpenes show 

a greater difference in emissions in the Pacific Northwest than does isoprene. The 

percent change in emissions is within 20% for the entire nation. 

Results from the sensitivity analysis show that the sensitivity of isoprene to 

PAR is highest in the East Texas, the SE US, and the Mixed Forest of the NE US, 

where emissions are high (Figure 4.7). Isoprene emissions in Woody Savannas show 

high sensitivity to PAR in both East TX and the SE US, but not in Southern CA, where 

sensitivity to temperature overshadows the PAR impacts. Sensitivity to temperature 

is always the largest, and is larger than the base emissions in all biomes except the 

Urban biome in the NE US. 

Future work will assess the impact of using a new satellite PAR product being 

developed by University of Alabama-Huntsville in place of the UMD data. The new 

product will take more factors into account and also provide more years of data 

since the UMD-PAR data is no longer produced or updated as of 2010. 
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Figure 4.6 Difference (left) and percent change (right) in modeled BVOC 

emissions due to switching from WRF-PAR to UMD-PAR for 

isoprene (top), monoterpene (middle), and sesquiterpene 

(bottom).  
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The sensitivity values calculated using Equation 4.2, Equation 4.1, and 

Equation 4.3 are expected to produce positive values; however, this is not always 

the case. Negative sensitivities of MEGAN BVOC emissions to LAI accounted for 7.5% 

of the cells nationwide. While the response to LAI is positive, the influence of 𝛾𝑎𝑔𝑒  

(Equation 1.21) is such that the difference in phenology from one year to the other 

produces a negative sensitivity in this small fraction of cells. Similarly, the historical 

PAR can influence the value of 𝐶𝑃 (Equation 1.17), leading to negative PAR 

sensitivity values in 0.5% of the cells, and the historical temperature can influence 

the values of 𝐸𝑜𝑝𝑡 and x (Equation 1.12, Equation 1.13, and Equation 1.14), leading 

to negative temperature sensitivity values in 7.8% of the cells. 
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Figure 4.7 Bar graphs of the partial sensitivity factors for isoprene with error 

bars representing standard deviations for dominant biomes in S 

California (top left), NE US (top right), E Texas (bottom left), and 

SE US (bottom right). Average emissions for each biome in the two 

years modeled is also displayed. The one or two biomes that 

constitute more than 50% of the region are indicated with a star. 

Although the magnitudes of the sensitivities are lower for the monoterpenes 

than for isoprene, the general patterns remain the same (Figure 4.8), except in the 

case of evergreen and broadleaf forests in the southeast US where the sensitivity to 

MODIS-LAI is positive for isoprene and negative for monoterpenes. MEGAN 

monoterpene estimates show a lower comparable sensitivity to PAR in the SE US 

than isoprene estimates show. The monoterpene sensitivities are also more 

consistent, having lower standard deviations than those for isoprene. 

Isoprene 
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Figure 4.8 Bar graphs of the partial sensitivity factors for monoterpenes with 

error bars representing standard deviations for dominant biomes 

in S California (top left), NE US (top right), E Texas (bottom left), 

and SE US (bottom right). Average emissions for each biome in the 

two years modeled is also displayed. The one or two biomes that 

constitute more than 50% of the region are indicated with a star. 

Sesquiterpenes again have sensitivities of a lower magnitude than either 

isoprene or monoterpene (Figure 4.9), which is to be expected given that the rate of 

emissions of sesquiterpenes is at a lower magnitude. The relative importance of the 

various factors follows the same pattern for sesquiterpenes as for the other two 

compounds, with temperature being the most important, PAR being second 

important, and LAI begin last.  

 

Monoterpenes 
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Figure 4.9 Bar graphs of the partial sensitivity factors for sesquiterpeneswith 

error bars representing standard deviations for dominant biomes 

in S California (top left), NE US (top right), E Texas (bottom left), 

and SE US (bottom right). Average emissions for each biome in the 

two years modeled is also displayed. The one or two biomes that 

constitute more than 50% of the region are indicated with a star. 

Isoprene shows larger sensitivities to MODIS-LAI than Stöckli-LAI in all but 

two biomes. The greater variability and larger magnitude of the MODIS-LAI values 

both contribute to the result. Further investigation would be needed to determine 

which is the main cause. If variability is the main cause, using LAI inputs with more 

variability will have a larger impact on the emissions predicted, and would likely 

produce better results than static values. Air quality modelers would be best to use 

Sesquiterpenes 
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LAI input that, at a minimum, changes through the year, even if it does not change 

from year to year. 

 

Figure 4.10 Bar graphs of the partial sensitivity factors of isoprene to two 

different LAI sources, with error bars representing standard 

deviations, for dominant biomes in S California (top left), NE US 

(top right), E Texas (bottom left), and SE US (bottom right). The 

one or two biomes that constitute more than 50% of the region are 

indicated with a star. 

Monoterpenes show negative sensitivities to MODIS-LAI in both the NE US 

and the SE US, while the sensitivity to Stöckli-LAI is positive (Figure 4.11). The 

magnitude of the sensitivity to MODIS-LAI is larger. The cause of the negative values 

is a mystery, however, especially since the values are generally positive for both 

isoprene and sesquiterpenes sensitivity to LAI. 

Isoprene 
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Figure 4.11 Bar graphs of the partial sensitivity factors of monoterpenes to 

two different LAI sources, with error bars representing standard 

deviations, for dominant biomes in S California (top left), NE US 

(top right), E Texas (bottom left), and SE US (bottom right). The 

one or two biomes that constitute more than 50% of the region are 

indicated with a star. 

Sesquiterpenes show a greater sensitivity to Stöckli-LAI in the SE US and in 

most of the biomes of East Texas (Figure 4.12). Both of these regions had a greater 

variability in LAI than the other two regions; however, the variability of MODIS-LAI 

was still greater than that of Stöckli-LAI (Figure 3.4).  

Monoterpenes 
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Figure 4.12 Bar graphs of the partial sensitivity factors of sesquiterpenes to 

two different LAI sources, with error bars representing standard 

deviations, for dominant biomes in S California (top left), NE US 

(top right), E Texas (bottom left), and SE US (bottom right). The 

one or two biomes that constitute more than 50% of the region are 

indicated with a star. 

The difference in the sensitivity of MEGAN to different LAI inputs is due to 

the response to LAI being non-linear. The difference in the results between the two 

LAI inputs suggests  that Tawfik et al. (2012) would have calculated larger 

sensitivities of isoprene to LAI using a dataset with more variation, but would have 

reached the same conclusion that LAI is much less important than temperature and 

PAR.  

Sesquiterpenes 
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Another distinction between the results presented here and those of Tawfik 

et al. (2012) is in the metric used for comparison of MEGAN output. Tawfik et al. 

(2012) used correlation to the gamma factors to assess sensitivity; here the 

sensitivity is computed directly using the change in a given parameter. The gamma 

factors are linear coefficients of the MEGAN algorithm and therefore ought to 

correlate well with the output. It is exactly the non-linear response, however, that 

we are interested in, and more importantly how that response changes based on 

location and biome type. 

In the open shrublands of Southern California, which occupy 50% of the 

vegetated land in the study are, the sensitivity of all three compounds to LAI is very 

low (Table 4.1). Other regions show even lower sensitivity to LAI, when compared 

to the base emissions rate, indicating that LAI has a larger impact in Southern 

California, and that using dynamic LAI values in that region is more important than 

in the other regions studied. 

Deciduous broadleaf forests and the crops and natural mosaic are the two 

dominant biomes of the Northeastern US, occupying a combined 77% of vegetated 

land in the region. Grasslands are the dominant biome in East Texas, occupying 53% 

of vegetated land in the region. Mixed forest and woody savannah are the two 

dominant biomes in the Southeast US, occupying 57% of the vegetated land in the 

region. Sensitivity of isoprene to temperature is highest for all three biomes, with 

PAR sensitivity coming in second, but still at values higher than the base emissions, 

indicating that a 100% increase in PAR would lead to more than a 100% increase in 
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isoprene emissions. The sensitivity of monoterpenes and sesquiterpenes to PAR in 

these biomes is much lower than the sensitivity to temperature, and the sensitivity 

to LAI is even lower still, going negative in both the SE US and the NE US. 

 

Table 4.1 Table of biome-specific average partial sensitivities of three main 

BVOC groups to LAI, PAR, and temperature, with average emssions 

included as a reference. The one or two biomes that constitute 

more than 50% of the region are indicated with a star. 

MODIS LAI PAR Temperature Emissions MODIS LAI PAR Temperature Emissions MODIS LAI PAR Temperature Emissions

Evergreen Broadleaf Forest 13.4 62.7 300.2 48.1 -2.65 3.44 32.91 9.71 0.045 1.185 8.920 1.723

Deciduous Broadleaf Forest 8.6 101.9 99.4 87.3 -0.24 3.79 13.22 8.53 -0.018 1.311 4.071 1.947

*Mixed Forest 5.8 100.4 150.1 82.4 -0.32 4.53 23.68 11.30 0.032 1.544 6.813 2.309

*Woody Savannas 4.2 74.9 184.1 61.8 -0.42 4.07 27.20 10.98 0.091 1.319 7.367 2.026

Croplands 6.6 54.3 207.3 45.3 0.03 3.07 24.86 7.79 0.111 0.949 6.480 1.453

Crops and Natural Mosaic 7.0 81.3 101.6 66.3 -0.18 3.27 18.63 8.06 0.047 1.145 5.236 1.748

*Deciduous Broadleaf Forest 4.7 51.7 83.8 40.8 -0.84 2.70 10.31 5.65 0.119 0.767 2.674 1.070

Mixed Forest 3.8 34.2 95.6 25.7 -1.15 2.65 14.22 5.67 0.110 0.706 3.157 0.924

Urban -0.6 19.9 4.8 14.5 0.05 1.03 3.14 2.08 0.027 0.285 0.194 0.363

*Crops and Natural Mosaic 2.8 32.0 47.1 27.3 -0.49 1.88 7.28 4.09 0.065 0.557 1.740 0.784

Woody Savannas 15.5 106.7 374.4 70.2 0.66 4.02 28.25 8.13 0.345 1.704 9.932 2.029

*Grasslands 12.8 43.9 143.0 31.3 1.42 2.08 14.51 4.53 0.571 0.995 6.351 1.355

Croplands 7.8 40.9 178.7 28.7 0.62 1.53 12.72 3.53 0.401 0.749 5.503 1.061

Crops and Natural Mosaic 15.2 53.2 180.3 34.9 1.38 1.77 13.07 3.52 0.609 0.782 4.792 0.997

*Open Shrublands 4.1 11.9 10.7 10.3 0.51 0.83 2.35 2.13 0.471 0.684 0.388 1.010

Woody Savannas 5.1 20.0 68.3 15.7 0.58 0.93 5.92 2.30 0.197 0.372 2.300 0.479

Grasslands 3.4 14.0 49.3 14.3 0.66 1.19 8.63 3.08 0.293 0.721 2.097 1.004

Croplands 3.3 33.8 102.0 26.6 0.63 1.93 12.03 4.08 0.231 0.556 3.778 0.793

S CA

Isoprene Monoterpenes Sesquiterpenes

SE US

NE US

E TX
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Chapter 5 

Conclusions 

5.1. Conclusions 

To investigate the myriad of ways that drought impacts BVOC emissions, a 

series of studies was undertaken. The first investigated the relationship between 

isoprene concentrations measured by ground monitors at Photochemical 

Assessment Monitoring Stations (PAMS) and environmental factors of temperature, 

precipitation, PAR, leaf area index (LAI), and Palmer Drought Severity Index (PDSI). 

Temperature was found to have the highest correlation to isoprene concentrations.  

The impact of drought on LAI was investigated by taking correlations of LAI 

to temperature, 9-month precipitation, and PDSI. While temperature and 9-month 

precipitation show strong correlations with LAI for most of the continental United 

States, PDSI gave not only poor correlation but also inconsistent results depending 

on the LAI data used for the correlation. Additionally, while most of the grasslands, 
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shrublands, and croplands showed the expected reduction in LAI with lower rain 

and higher temperatures, many forested regions either did not correlate or showed 

an increase in LAI during lower precipitation and higher temperatures of drought. 

The sensitivity of the BVOC emissions model MEGAN (Model of the Emissions 

of Gases and Aerosols from Nature) to LAI, PAR, temperature, and drought condition 

was assessed using an ensemble of model runs. MEGAN showed low sensitivity to 

interannual variations in LAI, but high sensitivity to which LAI dataset was chosen 

as input to the model. PAR inputs taken from meteorological model WRF (Weather 

Research and Forecasting Model) consistently overpredict PAR, which leads to 

elevated isoprene emissions predictions. Satellite derived PAR, taken from the 

University of Maryland, had values that better match ground observations. The 

resulting predictions of isoprene emissions were also lower than those predicted 

using PAR from WRF.  

Ultimately, drought proved a poor predictor of isoprene emissions, but 

temperature was the dominant driver. This result was consistent with the results of 

the PAMS correlations. It would appear, therefore, that drought in itself does not 

drive isoprene emissions, but rather that the temperature increases often 

accompanying drought more heavily influence BVOC emissions.  

Monoterpene and sesquiterpenes emissions showed similar sensitivity to 

environmental factors as isoprene in regards to spatial patterns and the relative 
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importance of PAR, LAI, and temperature, with temperature again having the largest 

impact on emissions.  

5.2. Limitations and Future Work 

The question of extreme drought has not been well addressed in this study, 

due in large part to the infrequent occurrence leading to very little available data. 

Enclosure studies indicate that there is an upper limit for isoprene emissions in 

continuously increasing leaf temperatures (Guenther et al. 1993), but the 

relationship between temperature and emissions changes with drought stress (Tani 

et al. 2011). Additionally, once soil moisture is depleted far enough, trees do begin 

shedding leaves and branches. This would surely impact isoprene emissions if the 

conditions lasted long enough such that the additional emissions from increased 

temperature would be offset by fewer leaves. Future work ought to look deeper into 

how extreme drought conditions impact BVOC emissions. 

Additionally, the impacts of soil moisture were ignored, with precipitation 

and PDSI used as proxies. This methodology is unsatisfactory, and the work would 

greatly benefit from additional probing of the impacts of soil moisture on the 

vegetative cover as well as their emissions capacities. Unfortunately, in situ 

measurements of soil moisture are sparse, leading to large, unquantified 

uncertainties in modeled products. Additionally, the MEGAN model does not 

currently account for soil moisture in its algorithms. Alex Guenther’s team is 

working on implementing the soil moisture algorithms outlined in the 2006 
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description of the MEGAN model. The sensitivity of the updated model to soil 

moisture will need to be assessed, as well as how the new algorithm affects the 

comparative sensitivities of the model to other environmental factors. 

5.3. Modeling Suggestions for the Air Quality Community 

This work was supported largely by AQAST with the goal of providing useful 

recommendations for air quality managers. The work here, along with the 

referenced sources, indicates that the following should be adopted as best practices: 

1. While having LAI values that follow the annual growing pattern is 

important, the added benefit of updating the values every year is small. LAI does not 

need to be updated yearly for the majority of the Continental US. Rather, a high 

resolution average product that varies through the year can be used for perhaps five 

to ten years with minimal loss of variation in the isoprene emissions estimated. If 

the land use in the region of interest is changing rapidly, yearly LAI values, and 

perhaps even yearly PFT maps, should be considered. Certain locations, such as 

Western Texas and Southern California would benefit from annually updated LAI. 

2. Satellite PAR is closer to measured ground observations and leads to 

lower isoprene emissions estimates in MEGAN, which may help to correct over 

predictions noted by some studies. Since UMD-PAR is no longer being updated, 

transition to UA-H PAR will be necessary. Further study of the new dataset is under 

way. 
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3. Temperature is the main driver of isoprene emissions. The most effort 

should therefore be put into using the highest quality temperature inputs when 

running MEGAN.  
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