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Fossil fuels have been the main source of energy for a long period but due to growing 

concerns over climate change, oil depletion and energy security, the development of 

renewable sources of energy such as biofuels have been flourishing over the past few 

decades. Despite the fact that biofuels are perceived to be more sustainable than fossil 

fuels, three important issues should be considered if agricultural products are used to 

produce fuel. First, the environmental impacts of producing biofuels vary greatly with 

feedstock type and growing location. The second issue is the dilemma between food and 

fuel such that if food crops are used to make biofuels, food prices can increase 

dramatically. Third, if there is an increase in demand for a particular crop, non-

agricultural land (e.g. forest, grassland, peatland) can be converted to agricultural land 

which increases the greenhouse gas emissions (GHG) due to land use change (LUC). In 

order to capture the effect of regional factors on life cycle assessment of biofuels, 



 
 

agroecosystem process-based models which can model soil emissions and predict yield 

can be used. Life cycle assessment (LCA) is a systematic set of procedures for compiling 

and examining the inputs and outputs of materials and energy and the associated 

environmental impacts directly attributable to the functioning of a product or service 

system throughout its life cycle.  In the first objective of this study, the effect of regional 

factors on LCA of camelina seed production and camelina methyl ester production was 

assessed. While general conclusions from LCA studies point to lower environmental 

impacts of biofuels, it has been shown in many studies that the environmental impacts are 

dependent on location, production practices and even local weather variations. A cradle 

to farm gate and well to pump approaches were used to conduct the LCA. To demonstrate 

the impact of agro-climatic and management factors (weather condition, soil 

characteristics, and management practices) on the overall emissions for four different 

regions including Corvallis, OR, Pendleton, OR, Pullman, WA and Sheridan, WY, field 

emissions were simulated using the DeNitrification-DeComposition (DNDC) model. 

openLCA v.1.4.2 software was used to quantify the environmental impacts of camelina 

seed and camelina methyl ester production. The results showed that GHG emissions 

during camelina production in different regions vary between 49.39 to 472.51 kg CO2-

eq./ha due to differences in agro-climatic and weather variations. The GHG emissions for 

1 kg of camelina produced in Corvallis, Pendleton, Pullman, and Sheridan were 

0.76±11%, 0.55±10%, 0.47±18% and 1.26±6% kg CO2-eq., respectively. The GHG 

emissions for 1000 MJ of camelina biodiesel using camelina produced in Corvallis, 

Pendleton, Pullman, and Sheridan were 53.60±5%, 48.87±5%, 44.33±7% and 78.88±4% 

kg CO2-eq., respectively. Other impact categories such as acidification and ecotoxicity 



 
 

for 1000 MJ of camelina biodiesel varied across the regions by 43% and 103%, 

respectively. Since the results of LCA are highly site-specific, and it is recommended that 

conclusions from LCA studies be presented in the context of site-specific data. The 

second objective of this study was to model the soil emissions during camelina and wheat 

production in a three-year cycle in the Pacific North West region of the United States 

considering spatial variations in agro-climatic factors. DNDC model was used to estimate 

the soil emissions in different regions, and openLCA software was used to conduct a 

regional LCA for camelina biodiesel production in the State of Oregon. The results 

showed that change in soil organic carbon (dSOC) did vary across different locations and 

in most locations, lower initial SOC resulted in lower CO2 emissions. The global 

warming potential of camelina biodiesel varied between 39 to 84 kg CO2-eq./1000 MJ 

across different locations and scenarios. Uncertainty analysis was carried out using 

Monte Carlo method, and the results showed that there could be up to 23% variation in 

soil emissions due to variation in air temperature and SOC. The break-even cost for a 

three-year crop rotation (winter wheat-fallow-camelina) was estimated to be 1715 

$/ha/3years; therefore, locations with income equal or more than the break-even cost and 

low environmental impacts are suitable for the winter wheat-fallow-camelina rotation 

system. The last objective of this study was to integrate DNDC with LCA model using a 

GIS-based platform software, ENVISION. The integrated model helps LCA practitioners 

to conduct LCA in large regions while capturing the variability of soil emissions due to 

variation in regional factors during producing crops or biofuel feedstocks. In order to 

evaluate the integrated model, the corn-soybean cropping system in Eagle Creek 

Watershed, Indiana was studied and our integrated model was used to first model the soil 



 
 

emissions and then calculate the LCA as well as economic parameters based on the 

model results. The results showed that within one location, the variation in soil emissions 

due to variation in weather is high. Weather variability caused some locations to be 

carbon sink in some years and source of CO2 in other years. In order to test the model 

under different scenarios, two tillage scenarios were defined: 1) conventional tillage (CT) 

and 2) no tillage (NT) and analyzed with the model. The overall GHG emissions for the 

corn-soybean cropping system was simulated and results showed that the NT scenario has 

lower soil GHG emissions compared to CT scenario. Moreover, global warming potential 

(GWP) of corn ethanol from well to wheel varied between 57 and 92 g CO2-eq./MJ while 

GWP under the NT system was lower than that of the CT system. The cost break-even 

point was calculated as $3612.5 for each hectare of the 2 year corn-soybean cropping 

system and the results showed that under low and medium prices for corn and soybean 

most of the farms did not meet the break-even point.     
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CHAPTER 1 

 1. Introduction 

1.1 Energy sources 

Population growth and industrialization caused the energy consumption to grow 

rapidly such that the U.S. Energy Information Administration (EIA, 2016) has estimated 

that there is 48% increase in world energy consumption by 2040.  Fossil fuels have been 

the main source of energy for a long period of time but due to growing concerns over 

climate change, oil depletion and energy security, the development of renewable sources 

of energy such as biofuels has been flourished over the past few decades. Although 

renewable fuels are expected to grow faster than fossil fuels (e.g. petroleum and other 

liquid fuels, natural gas), fossil fuels still account for more than three-quarters of world 

energy consumption through 2040 (EIA, 2016) (Fig. 1.1). Therefore, there should be 

more effort toward developing sustainable biofuels.  
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Fig. 1. 1 World energy consumption by source, 1990-2040 (IEO, 2016) 

 

Despite the fact that biofuels are perceived to be more sustainable than fossil 

fuels, three important issues should be considered if agricultural products are to be used 

to produce fuel. First, the environmental impacts of producing biofuels vary greatly with 

feedstock type and growing location (Miller and Kumar, 2013). The second issue is the 

dilemma between food and fuel such that if food crops are used to make biofuels, food 

prices can increase dramatically (Krohn and Fripp, 2012). Third, if there is an increased 

in demand for a particular crop, non-agricultural land (e.g. forest, grassland, orpeat) can 

be converted to agricultural land which increase the greenhouse gas emissions (GHG) 

due to land use change (LUC) (Searchinger et al., 2008). To overcome the first issue, 

comprehensive methods to evaluate the sustainability of biofuels and non-edible crops 

should be used for assessing biofuels production. Life Cycle Assessment (LCA) is 

powerful tool for analyzing the environmental impacts. This technique helps us to 

evaluate environmental aspects and potential impacts associated with a product, process, 
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or service through creating an inventory of applied inputs and environmental releases, 

assessing potential environmental impacts relating to each inputs and interpreting the 

results in such a way that making a decision is consciously (EPA, 2013). There are four 

basic stages in conducting an LCA including goal and scope definition, inventory 

analysis, impact assessment and interpretation. 

Within the biofuel supply chain, feedstock production has the highest contribution 

in GHG emissions (Kumar and Murthy, 2012). In contrast to industrial systems within 

the biofuel supply chain (e.g. oil extraction, fermentation, transesterification), feedstock 

production is characterized by irregular fluxes GHGs from nonpoint sources and a high 

degree of variability based on weather and climatic conditions, soil type, and 

management practices (Goglio et al., 2015; Miller et al., 2006). In 2014, greenhouse gas 

emissions from agriculture accounted for approximately 9 percent of total U.S. 

greenhouse gas emissions. Greenhouse gas emissions from agriculture have increased by 

approximately 11 percent since 1990 (EPA, 2016). The big portion of GHG emissions 

from agriculture sector is from direct emission which resulted from soil emissions such as 

nitrous oxide, methane and carbon dioxide emissions (Fig. 1.2).   
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Fig. 1. 2 GHG emissions from agriculture (EPA, 2016) 

While agriculture sector is producing GHG emissions, there is potential for this 

sector to reduce GHG emissions, through soil carbon sequestration (Paustin et al., 2016). 

One of the most promising climate change mitigation options for agriculture is through C 

sequestration with a change of 2,500 Gt in the global soil C pool (Lal, 2004; Petersen et 

al., 2013). Goglio et al. (2015) reported that soil carbon sequestration can potentially 

offset GHG emissions from fossil fuels by 0.4-1.2 Gt of C per year, which is equivalent 

to 5%-15% of global fossil fuel emissions. Therefore, GHG emissions and potential C 

sequestration should be considered in conducting LCA for biofuels.  

1.2 Soil emissions in agriculture 

There are several methods to account for soil emissions in agricultural LCA 

including (A) measurements; (B) Tier I and (C) Tier II IPCC methodologies, (D) a simple 

carbon model combined with IPCC Tier II methodology for soil N2O emissions, and (E) 

an agroecosystem model (e.g. DNDC, DayCent). GHG flux measurements are carried out 
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using a micrometeorological technique described by Glenn et al. (2010). Measurements 

are believed to result in high quality data with high level of certainty (ISO, 2006a, 

2006b), however, they are often costly and time-consuming due to the fact that in order to 

get good results, field measurements should be dove over a long period of time (Goglio et 

al., 2015). IPCC Tier I methodology coarsely differentiated between climate, soil 

characteristics, and crop management (Aalde et al., 2006; Lasco et al., 2006), therefore it 

is unable to capture the variation in regional factors. Although Tier II employs the same 

approach as Tier I, it uses emission estimates and stock change factors which are based 

on country- or region-specific data for the most important land-use categories (Goglio et 

al., 2017). Most LCA studies have used IPCC methodologies to estimate soil emissions 

due to its simplicity, however high level of uncertainty involved with this method. Simple 

carbon models such as ICBM (Introductory Carbon Balance Model) uses simple 

equations to quantify temporal soil C dynamics using annual time steps (Congreves et al., 

2015). Agroecosystem models are dynamic crop-climate-soil models which employ 

several mathematical models to simulate interactions between crop growth, soil C and N 

dynamics, and environmental processes (Goglio et al, 2015). The level of uncertainty 

involved with these agroecosystem models are medium (compared to IPCC factors which 

have high uncertainty and field measurements which have low uncertainty levels) and 

they often need calibration and detailed input data.  

1.3 Agroecosystem process-based models 

There are several agroecosystem models used by several studies to simulate crop 

production, residue decomposition, trace gas emissions (e.g. CH4, N2O), and water, soil C 

and N dynamics, all of which are interdependent (Bessou et al., 2013; Zaher et al., 2013; 

Goglio et al., 2015). These processes based models generally have the same structure and 
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require three sets of input data: soil characteristics, climate conditions and management 

practices. CERES-EGC, CENTURY, CropSyst, DAISY, DayCent and DNDC are among 

well-known process-based models used by several studies to estimate yield and soil 

emissions (Gabrielle et al., 2006; Del Grosso et al., 2005; Stöckle et al., 1992; Li et al., 

1992). Generally, these models operate on a daily time step except CENTURY, which 

operates on a monthly time-step.  

The DNDC (DeNitrification DeComposition) model was developed by Li et al. 

(1992) as a rain event-driven process-orientated simulation model to estimate N2O, CO2 

and N2 emissions from agricultural soils in the U.S. The model consists of three major 

submodels: soil climate, crop growth, and soil biogeochemistry. The soil climate 

submodel calculates moisture, temperature, and O2 concentration in the soil based on soil 

characteristics and climate data. The crop growth submodel simulates crop phenological 

development, leaf area index (LAI), photosynthesis, respiration, assimilate allocation, 

rooting processes and nitrogen uptake based on the environment above and below the 

ground and on N availability. Soil biogeochemistry submodel predicts decomposition, 

nitrification, denitrification, fermentation and trace gas emissions based on characteristics 

and climate data. These three submodels are interlinked such that results from crop 

growth submodel is fed back into the soil climate submodel through water uptake, and is 

linked to the soil biogeochemistry submodel through N uptake and the supply of organic 

C by plants. Moreover, results from soil biogeochemistry is fed back into crop growth 

through its effects on N availability (Fumoto et al., 2008; Zhang et al., 2002).  

Considering the functions inside biogeochemistry submodel, the DNDC was reorganized 

to six submodels (Fig. 1.3). The original DNDC model, used by numerous researchers 
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worldwide, has been modified and adapted to include different scenarios and other 

ecosystems (e.g. forests-DNDC, wetlands-DNDC) (Gilhespy et al., 2014). 

Based on literature, numerous studies have used different crops models to predict crop 

yield as well as soil emissions and evaluate the models against real measurements. Zhang 

et al. (2002) used DNDC model to estimate soil emissions and crop parameters and 

validated the model results against field measurement. They concluded that DNDC model 

results including soil moisture, leaf area index, crop biomass, nitrogen content, soil 

carbon dynamics and trace gas emissions were in agreement with observations.  

Hastings et al. (2010) conducted an experiment that investigated how well the DNDC 

model performs when used to predict the eddy-covariance CO2 fluxes and crop yields 

measured in the first full year of the Oensingen cropland site in Switzerland. They 

reported that the overall impact of uncertainty in input parameters on predicted biogenic 

GHG emissions is relatively small with the probability distribution function of the 

uncertainties indicating that the net ecosystem exchange (NEE) measured with eddy 

covariance technique is over estimated by 3.6% and has a SD of 3.6% of the actual NEE. 

 Li et al. (2003) modeled the carbon and nitrogen biogeochemical cycles in cropland of 

China and the U.S. and they reported that China’s cropland lost 1.6% of their SOC while 

the U.S. croplands lost 0.1%. Lower carbon loss in the U.S. croplands was due to the fact 

that in the U.S. ~90% of aboveground residue was returned to the soil while this number 

was 25% for China.   
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Fig. 1.3 The two-component DNDC model with six submodels: soil climate, crop growth, decomposition, denitrification, nitrification and 

fermentation (Taken from Li et al., 2003) 
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1.4 Life cycle assessment 

According to ISO 14040 (2006), life cycle assessment (LCA) is a systematic set of 

procedures for compiling and examining the inputs and outputs of materials and energy 

and the associated environmental impacts directly attributable to the functioning of a 

product or service system throughout its life cycle. LCA is a powerful technique for 

assessing the potential environmental aspects and potential aspects associated with a 

product (or service), by (ISO 14040, 2006): 

 Compiling an inventory of relevant inputs and outputs, 

 Evaluating the potential environmental impacts associated with those inputs and 

outputs, 

 Interpreting the results of the inventory and impact phases in relation to the 

objectives of the study.  

LCA involves analyses of production systems and provides comprehensive evaluations of 

all upstream and downstream energy inputs and multimedia environmental emissions 

(Fig. 1.4). A comprehensive LCA is costly and time-consuming and needs a detailed and 

accurate database, therefore their use are limited as analysis techniques in both the public 

and private sectors. In order to increase the use of LCA, techniques that are less costly 

and time consuming should be developed and be available to public (RTI, 2016).  
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Fig. 1.4 Life cycle assessment flow (Hydro-Québec, 2016) 

LCA has emerged as an important decision-support tool for both policy makers and 

industry in analyzing the cradle-to-grave impacts of a product or process. Three forces 

are driving this evolution. First, government regulations are moving in a direction in 

which a manufacturer is responsible for both direct and indirect production impacts. 

Indirect impacts mean those associated with product inputs, use, transport, and disposal. 

Second, business are voluntarily collaborate with initiatives which develop sustainability 

such ISO 14000 and the Chemical Manufacturer Association's Responsible Care 

Program. Third, customers are more concerned about environmental impacts of products, 



11 
 

thus environmental "preferability" has become a criterion for them (Tellus Institute, 

2016).  

LCA has been used to assess the environmental impacts of biofuels by several studies 

within the last decade. Campbell et al. (2011) investigated the potential environmental 

impacts and economic viability of producing biodiesel from microalgae grown in ponds. 

They conducted a comparative LCA and concluded that GHG emissions from producing 

algal biodiesel (-27.6 to 18.2 g CO2-eq./t km) are lower than that of canola (25.9 g CO2-

eq./t km) and ULS diesel (81.2 g CO2-eq./t km).  

Kumar and Murthy (2012) performed well-to-pump life cycle assessment (LCA) to 

investigate the overall net energy balance and environmental impact of bioethanol 

production using Tall Fescue grass straw as feedstock. They draw the system boundaries 

using relative mass, energy, and economic value method with a 5% cutoff value. They 

reported that GHG emissions from ethanol LCA models were in the range of -131 to -

555.4 kg CO2 eq. /10,000 MJ of ethanol. They also concluded that steam explosion 

pretreatment method resulted in the lowest energy use and GHG emissions. 

Altamirano et al. (2016) used LCA methodology to compare the environmental impacts 

of FAME (fatty acid methyl esters) and FAEE (fatty acid ethyl esters) production from 

soybean oil. They considered four different environmental impacts including acidification 

potential, global warming potential, eutrophication potential and human toxicity 

potential. The concluded that that substitution of the methylic route with the ethylic route 

does not attribute significant environmental benefits. 
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Most of LCA papers have used IPCC factors to account for soil missions during the crop 

growth, however few LCA studies have used crop and soil models to estimate the soil 

emissions based soil properties, climate and management practices in the study area. 

Goglio et al. (2014) used DNDC model’s results   to conduct life cycle assessment and 

investigate the impact of management strategies on global warming potential of long-

term cropping systems at two locations (Breton and Ellerslie) in Alberta, Canada. Zaher 

et al. (2013) conducted life cycle assessment of to estimate the potential carbon credit 

from no- and reduced-tillage winter wheat-based cropping systems in Eastern 

Washington State. They used CropSyst to estimate yields, residue production and fate, 

SOC storage changes and N2O emission resulting from both nitrification and 

denitrification. In another study, Gabrielle and Gagnaire (2008) employed a mechanistic 

model (CERES) to simulate the effect of straw removal under various sets of soil, climate 

and crop management conditions in northeastern France. They then used the results of the 

model to conduct LCA of bioethanol production from straw. 

Therefore we hypothesized that: 

 Variations in field emissions due to soil characteristics, weather related factors, 

crop management strategies (tillage, field operations, irrigation and fertilization 

schedules) can be reliably estimated using process based agro-biogeochemistry 

models such as DNDC (DeNitrification-DeComposition) model.   

 Variations in field emissions contribute to the uncertainty in the LCA results for 

agricultural commodities and can be used to identify optimal growing locations 

and real time management strategies. 
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Accordingly a research plan with three objectives was developed. These three objectives 

are:  

 Understanding and quantifying key sources of uncertainty in LCA of biofuels and 

bioproducts 

 Evaluation of different cropping system based on environmental impacts and 

economic analysis in the Pacific Northwest, U.S.  

 Develop an integrated framework consisting of LCA software and crop modeling 

software 

Following this chapter, these objectives and methods to pursue the objectives were 

discussed. In Chapter 2, first objective is described in which key source of uncertainty 

within supply chia nob biofuels are quantified and effect of variation in regional factors 

on LCA of biofuels are assessed in four location in the Pacific Northwest. The second 

objective is addressed in Chapter 3 in which a regional LCA is conducted considering 

variability in regional factor. Conducting regional LCA helps identify suitable land for 

producing energy crops with low environmental impacts. In Chapter 4, the integration of 

LCA, economic analysis and agroecosystem model (DNDC) is carried out and the 

performance of integrated model is evaluated. Finally, a general conclusion is presented 

in Chapter 5.    
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2.1 Abstract 
The effect of regional factors on life cycle assessment (LCA) of camelina seed 

production and camelina methyl ester production was assessed in this study. While 

general conclusions from LCA studies point to lower environmental impacts of biofuels, 

it has been shown in many studies that the environmental impacts are dependent on 

location, production practices and even local weather variations. A cradle to farm gate 

and well to pump approaches were used to conduct the LCA. To demonstrate the impact 

of agro-climatic and management factors (weather condition, soil characteristics, and 

management practices) on the overall emissions for four different regions including 

Corvallis, OR, Pendleton, OR, Pullman, WA and Sheridan, WY, field emissions were 

simulated using the DeNitrification-DeComposition (DNDC) model. openLCA v.1.4.2 

software was used to quantify the environmental impacts of camelina seed and camelina 

methyl ester production. The results showed that GHG emissions during camelina 

production in different regions vary between 49.39 to 472.51 kg CO2-eq./ha due to 

differences in agro-climatic and weather variations. The GHG emissions for 1 kg of 

camelina produced in Corvallis, Pendleton, Pullman, and Sheridan were 0.76±11%, 

0.55±10%, 0.47±18% and 1.26±6% kg CO2-eq., respectively. The GHG emissions for 

1000 MJ of camelina biodiesel using camelina produced in Corvallis, Pendleton, 

Pullman, and Sheridan were 53.60±5%, 48.87±5%, 44.33±7% and 78.88±4% kg CO2-eq., 

respectively. Other impact categories such as acidification and ecotoxicity for 1000 MJ of 

camelina biodiesel varied across the regions by 43% and 103%, respectively. Since the 
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results of LCA are highly site specific, and it is recommended that conclusions from LCA 

studies be presented in the context of site-specific data. 

2.2 Introduction 
Biofuels known as an alternative to fossil fuels have been claimed as a step 

towards achieving sustainable future. However, detailed studies of technical feasibility, 

economic viability, and environmental sustainability are essential to establish overall 

long-term sustainability. Camelina sativa (L.) is one of the feedstocks for biodiesel 

production for which environmental and economic viability has been assessed in several 

studies (Brandess 2012; Krohn and Fripp 2012; Miller and Kumar 2013; Li and 

Mupondwa 2014). Camelina is a short-seasoned, fast-growing crop and has low moisture 

and nutrient requirements which make it a good option for the fallow-cropping system in 

the Northwestern United States. In the Northwestern United States, the wheat-fallow 

system is a favored system for farmers because the moisture and nutrients are stored in 

the soil during the fallow period and it boosts the wheat yield during a subsequent 

production cycle. However, cultivation of camelina in the fallow period has potential to 

increase the farmer’s revenue without significantly depleting the resources such as soil 

moisture and nutrients (Shonnard et al. 2010). 

Biodiesel production involves several steps such as farming operations for 

feedstock production and transportation, oil extraction and biodiesel production from the 

extracted oil. Among these steps, the highest share of GHGs emissions during the life 

cycle of biodiesel production has been attributed to the feedstock production stage (Miller 

and Kumar 2013). Major contributors to the environmental impacts in the farming step 

are from agricultural inputs such as fertilizers, chemicals, and emissions from soil during 
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farming. Kumar and Murthy (2012) reported that almost 50% of GHGs emissions from 

grass straw to ethanol production process could be attributed to field emissions during 

feedstock production. Farming involves complex interactions of soil-microbe-plants and 

environment resulting in a release of CO2, N2O, and CH4 and other chemicals which must 

be considered in any LCA. Several studies have attributed the majority of anthropogenic 

N2O emissions in the U.S. and the world to agricultural lands through the processes of 

nitrification and denitrification (Del Grosso and Parton, 2011). While the variations in the 

environmental impacts due to agricultural inputs such as fertilizers and chemicals are 

directly related to their usage, the emissions from the soil during farming are highly 

nonlinear and dependent on multiple stochastic factors such as weather, soil type, and 

farm management practices. The field emissions which have the highest contribution to 

overall environmental impacts at the farming stage (González-García et al. 2013), do vary 

between different regions (Bessou et al. 2013) and are affected by climatic conditions and 

soil management practices (Kim and Dale 2009; Ukaew et al. 2015). Therefore, 

heterogeneity in weather and soil management practices cause a variation in 

environmental impacts of crop production between different regions (Zaher et al. 2013). 

The experimental measurements of emissions are difficult to obtain, and mathematical 

models require detailed data regarding soil, weather and management practices. Even in 

cases where the data and/or simulations are available, significant uncertainties remain 

with many studies coming to contrasting conclusions. For instance, there are contrary 

results regarding the effect of different tillage practices on N2O emissions (Chatskikh and 

Olesen 2007; Six et al. 2004). Therefore, many of the LCA studies have not considered 

the impact of geographical location on environmental impacts of crop production and 
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often relied on generic emission factors suggested by IPCC (2006) which ignore the 

regional variations and have significant uncertainty (Leip et al. 2008). Additionally, field 

emissions such ammonia and nitrogen oxide have not been considered in IPCC 

methodology which makes it an incomplete method to estimate all the field emissions. To 

better understand the effect of uncertainty associated with the field emissions on LCA 

results, it is essential to consider the variations in weather, geographical location and 

management practices. It is important to consider the impact of weather-related stochastic 

variations on the LCA results to assess the overall uncertainty in the LCA. Furthermore, 

quantifying the variations in the LCA results due to differences in geographical locations 

could also help in identifying optimal locations for producing biofuels feedstocks with 

lowest environmental impacts. Therefore, process-based models which can simulate 

complex interactions in agro-ecosystems should be used to capture the regional 

conditions. There are several process-based models such as DAYCENT (Daily Century 

Model), DNDC (DeNitrification-DeComposition) and CENTURY which model the 

carbon and nitrogen biogeochemistry in agricultural soils. Process-based models have 

similar structure and require data inputs including climate conditions, soil characteristics, 

and crop management practices (Goglio et al. 2015). Although process-based models are 

recommended options for estimating the field emissions (World Bank 2012) they need 

calibration with high-quality field data and high level of expertise to operate. Therefore, 

LCA practitioners often prefer not to use process-based models but use IPCC Tier I 

emission factors (Goglio et al. 2015). However, there is a high level of uncertainty 

involved with IPCC factors while the uncertainty level of DNDC results is medium 

(Goglio et al. 2015). DNDC model (Leip et al. 2008) has been developed, validated and 
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peer reviewed for last 20 years (Gilhespy et al. 2014, Hastings et al. 2010). Uzoma et al. 

(2015) assessed the ability of DNDC model for estimating N2O emissions under varying 

crop-management conditions by comparing the DNDC results with real measurements, 

and they reported that DNDC has high fidelity in simulating nitrous oxide emissions 

under varying crop-management regimes.   

There are a few studies which investigated regional variations in biofuel 

production (Kim and Dale 2008; Bessou et al. 2013). Kim and Dale (2009) estimated 

cradle-to-gate GHG emissions of ethanol and soybean oil produced in 40 counties in the 

Corn Belt States in the United States. They modeled the county-level soil organic carbon 

and nitrogen dynamics by the DAYCENT model, and they reported that the regional 

variations due to farming locations are significant (by factors of 2–7). In another study, 

Ukaew et al. (2015) assessed the soil carbon change from rotation cropping of rapeseed 

with wheat using modified IPCC (Tier 1) method and they reported that management 

practices affected the soil C significantly. They concluded that high residue input with no 

tillage could increase soil C for the rotation cropping of rapeseed with wheat. One of the 

methodologies used to calculate GHG emissions is Roundtable on Sustainable Biofuels 

(RSB) which considers the regional factors in estimating the field emissions. RSB was 

employed by Ukaew et al. (2014) to estimate the N2O emissions for rapeseed cultivation 

in 10 U.S. states in which wheat-rapeseed rotation is a common cropping system. Since 

they used average data from several counties for each state, N2O emissions were almost 

the same across all locations. One of the drawbacks of this methodology is that it does 

not account for regional factors when it calculates the direct N2O emissions. Del Grosso 

et al. (2008) used the DAYCENT biogeochemical model to simulate corn yields and N2O 



20 
 

emissions in Colorado, the U.S. They investigated the effect of variation in management 

practices (tillage and N fertilizer rate) on yield and N2O emissions and they compared the 

results of DAYCENT model with the real measurement of field emissions in order to 

validate the model. They reported that the model outputs matched the measured data such 

that lower fertilization rates and no-till practice resulted in lower N2O emissions. 

However, the model overestimated the N2O emissions under all management practices. 

Therefore, the goal of this study was to quantify the environmental impacts of camelina 

seed and camelina biodiesel production considering the variations in the weather and 

geographical conditions as well as management practices in the Northwestern United 

States. 

2.3 Materials and methods 

2.3.1 Goal definition and system boundary 

Primary goal this study was to quantify the environmental impacts of camelina 

seed production based on heterogeneity of weather condition, geographical location and 

management practices at farm stage. The second goal was to quantify the environmental 

impacts of camelina biodiesel by conducting attributional LCA. Four locations with 

identified potential for camelina production (NASS2014) in the Northwestern United 

States (Corvallis, OR, Pendleton, OR, Pullman, WA, Sheridan, WY) were selected to 

study the effect of heterogeneity of weather, geographical location and management 

practices on field emissions. Many field trials have been conducted at these sites 

(Wysocki et al. 2013; Sintim et al. 2015) thus providing access to high-quality life cycle 

inventory data. A cradle to farm gate approach was chosen for the seed production stage 

LCA and a well to pump approach was selected for biodiesel production stage. The 

system boundaries for the systems under consideration are shown in Fig. 2.1. Since in the 



21 
 

process of camelina biodiesel production along with the main product (camelina methyl 

ester), camelina meal, glycerin and potassium phosphate are produced as co-products, the 

allocation methods should be used to attribute some parts of emissions to co-products. 

The energy allocation method was chosen in this study, and the LCA results were 

allocated based on the energy content of products and co-products (Wang et al. 2011). 

Additionally, the economic allocation method was used to compare the LCA results 

based on variation in allocation methods. In this study, the functional units were defined 

as 1 kg of camelina at the farm gate and 1000 MJ of camelina methyl ester at the 

biodiesel station. The emissions from land use change (LUC) was included in LCA. 

However, the indirect land use change (iLUC) and associated emissions were not 

considered as the scope of this attributional LCA study was limited to the cultivation of 

camelina on existing agricultural lands and did not include conversion of any non-arable 

lands. 

 

Fig. 2.1 System boundaries of camelina seed and biodiesel production 
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2.3.2 Data inventory     

In this study, data related to camelina seed production in Corvallis, Pendleton, and 

Pullman in 2010 growing season was obtained from a study by Wysocki et al. (2013). 

Data related to camelina production in Sheridan in 2013 growing season was gained from 

a study by Sintim et al. (2015). In those studies, the effect of different levels of nitrogen 

and sulfur on camelina seed yield was assessed. Irrigation was not considered in any of 

the locations due to limited water availability or dependence on rainfed agriculture. The 

planting dates at Corvallis, Pendleton, Pullman, and Sheridan were 19 Feb, 4 Mar, 16 

Mar and 13 May, respectively. Nitrogen was applied before planting at Corvallis, 

Pendleton, and Sheridan, and soon after planting at Pullman. Nitrogen was applied as 

granular urea (46-0-0) in all regions with disc applicator at Pendleton and broadcaster at 

Corvallis and Pullman. Sulfur was supplied as ammonium sulfate (21-0-0-24), 

ammonium thiosulfate (10-0-0-26) and elemental sulfur at Corvallis, OR, Pullman, WA 

and Sheridan, WY respectively (Table 2.1). Herbicides such as glyphosate and poast 

were used to control weed in all four regions (Wysocki et al. 2013; Sintim et al. 2015). 

The quality of camelina seed was assumed to the same across all regions, and the 

differences in yield and oil content were the only two camelina crop related parameters 

that were different across study regions.  Moreover, among all trials in both studies, trials 

with the highest yield at a particular location were selected for this study.   
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Table 2.1 Inputs used in camelina seed production (Sintim et al. 2015; Wysocki et al. 

2013; Nemecek and Kagi 2007) 

Item Unit Corvallis Pendleton Pullman Sheridan 

Seed kg/ha 6.0 6.0 6.0 5.6 

Nitrogen kg N/ha 90.0 84.0 112.0 112.0 

Sulfur kg S/ha 22.0 0.0 22.0 25.0 

Herbicides kg/ha 1.8 3.6 1.8 1.8 

Drying heat MJ/tonne seed 306.0 306.0 306.0 306.0 

Yield (8% mc*)  kg/ha 2009.0 1835.0 2198.0 1038.0 

Oil content % 36.2 32.2 34.3 31.1 

* mc = moisture content 

Data related to oil extraction and biodiesel production were obtained from 

Jungbluth et al. (2007) and were assumed to be the same for all regions (Table 2.2). The 

camelina seed was assumed to be transported a distance of 80 km from the farm to the 

camelina crusher/biodiesel production facility using trucks for all regions (Pradhan et al. 

2009).  In the oil extraction process, the camelina seed is first cleaned and cooked in high 

temperature. In the next step, the seeds are mechanically pressed, and the crude oil is 

extracted using solvent extraction method. Finally, the water degumming process is done 

to hydrate the phosphatides and remove the gums from crude oil. In this process, the 

camelina meal is produced as by-products which can be used as animal feed. The raw 

degummed camelina oil is transesterified to change the triglycerides molecules to methyl 

ester molecules in the presence of an alcohol and acid or base catalysts. In this study, 
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potassium hydroxide was considered as the alkali catalyst and methanol as the alcohol. In 

the transesterification of camelina oil, glycerin and potassium phosphate are produced as 

co-products (Jungbluth et al. 2007). After transesterification process, camelina methyl 

ester was transported by tank truck from biodiesel production plant to gas stations in the 

distance of 80 km (Shen et al. 2012). 

Table 2.2 Inputs used in camelina oil extraction and biodiesel production (Jungbluth et 

al. 2007) 

Item Unit Value 

Oil extraction stage   

    Electricity kWh/tonne seed 42.0 

    Steam MJ/tonne seed 707.7 

    Hexane kg/tonne seed 1.1 

    Heat MJ/tonne seed 54.5 

    Phosphoric acid kg/tonne seed 0.3 

    Bentonite kg/tonne seed 2.3 

Biodiesel production stage   

    Methanol kg/ tonne camelina oil 110.5 

    Potassium Hydroxide kg/ tonne camelina oil 11 

    Phosphoric acid kg/ tonne camelina oil 4.5 

    Heat MJ/ tonne camelina oil 896.8 

    Electricity kWh/ tonne camelina oil 41.1 
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The ecoinvent 3.1 database was used in this study to make the processes from 

camelina seed production to camelina methyl ester production. The ecoinvent database 

was selected as the database of choice since it is a peer reviewed and validated database 

that has been widely used in different studies (Panichelli et al. 2009; Gnansounou et al. 

2008).    

2.3.3 Field emissions 

The field emissions are a significant contributor to the overall GHGs emissions 

from the biofuels. The DNDC is a mechanistic biogeochemistry model that simulates 

crop growth and soil C and N dynamics in agro-ecosystems based on input data on soil 

properties, weather, and farming practices (Li et al. 1992; Fumoto et al. 2008). The 

DNDC has been extensively used for regional modeling across the world, and validated 

by several studies which demonstrated that DNDC could be used with confidence to 

predict field emissions (Li et al. 2012; Dietiker et al. 2010; Hastings et al. 2010; Leip et 

al. 2008). The DNDC model was recommended in a recent USDA report (Eve et al. 

2014) as a recommended methodology for estimating nitrous oxide (N2O) and emissions 

from soils. In the present study, the DNDC model was used to calculate the field 

emissions including carbon dioxide (CO2), N2O, methane (CH4), nitrogen Oxide (NO), 

ammonia (NH3) and nitrate (NO3
-) leaching.  

Field emissions for four locations Corvallis, Pendleton, Pullman and for Sheridan 

were determined using the location specific soil and weather data (2010 for Corvallis, 

Pendleton and Pullman and 2013 for Sheridan) for the year in which the crops were 

grown. The management practices were different across the four locations and hence 

their impact was assessed by simulating the four management practices at all four 
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locations. The crop yields were changed to conform to the yields at the original location 

when simulating the crop management practices.  

The decomposition of in-field crop residues after harvest takes a long time 

(Goglio et al. 2015) and are impacted by weather conditions, According to the IPCC, it 

takes 20 years for the establishment of a new soil organic carbon (SOC)  equilibrium 

after soil disturbance and the equilibrium remains constant after that if there are no 

further changes in management practice (Aalde et al. 2006; Ukaew et al. 2015). Therefore 

20 years of crop cultivation were simulated using 20 years average climate date to 

establish time required to reach stable SOC equilibrium for each location (Broch et al. 

2013; Paustian et al. 2000) for each scenario analyzed in this study. Since the SOC 

equilibrium is also dependent on soil characteristics, the time required for SOC 

equilibrium was determined for each location based on the 20-year simulations. The SOC 

equilibrium year was defined as the year in which the change in soil organic carbon 

(dSOC) was less than 5% compared to previous five-year period. The SOC equilibrium 

was observed in yeFar 18, 14, 19 and 10 for Corvallis, Pendleton, Pullman, and Sheridan, 

respectively (Fig. 2.2). It should be noted that negative numbers for dSOC imply carbon 

sequestration in the soil while positive numbers represent carbon lost in the form of CO2 

emission from the soil. The average 20 years climate data were also used to conduct the 

uncertainty analysis to study the effect of long-term climate variations on field emissions. 

It is to be noted that the field emissions used to conduct LCA were based on simulation 

results for a single year (2010 for Corvallis, Pendleton, Pullman and 2013 for Sheridan) 

using weather data for a particular location in the year in which the crop studies were 
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conducted. The 20-year average weather data used to obtain the SOC equilibrium was not 

used as the field emissions are highly sensitive to weather conditions.  

To investigate the effect of management practices on field emissions, three 

scenarios were defined including no tillage with high residue input scenario, common 

practices scenario and reduced tillage with low residue input scenario. Since among the 

studied locations, Pullman and Sheridan had the highest and lowest camelina yields, 

respectively, the amount of crop residue produced in Pullman was used as high residue 

input while the amount of crop residue produced in Sheridan was used as low residue 

input. Reduced tillage was defined as three times tillage with disk and harrow (Sintim et 

al. 2015). Finally, common practices in each location are those practices presented in 

Table 2.1 and Online Resource 1, 2, 3, 4 for each location.           
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Fig. 2.2 Change in soil organic carbon within 20 years (red data point is the C 

equilibrium point; negative numbers for dSOC imply carbon sequestration in the soil 

while positive numbers represent carbon lost from the soil) 

The DNDC parameters are categorized into four main categories including 

weather parameters, soil parameters, crop parameters and management parameters. Soil 

data obtained from Web Soil Survey (2014), Wysocki et al. (2013) and Sintim et al. 

(2015) are tabulated in Table 3. Daily weather data in the form of maximum and 

minimum temperatures and precipitation for four regions were obtained from National 

Climatic Data Center (NCDC 2014). Total monthly precipitation and the average 

temperature in February through September (growing season) at Corvallis, Pendleton and 

Pullman in 2010 and Sheridan in 2013 are shown in Fig. 2.3 and Fig. 2.4. The crop 

parameters for some of the crops have been already defined in DNDC and in this study 

due to lack of data regarding camelina crop parameters and resemblance of camelina with 

rapeseed, the crop parameters of rapeseed was used and the yield in each region was 

adjusted accordingly. In order to make the simulation transparent, all data needed to 

model the field emissions by DNDC in four regions were provided in supplementary 

materials (Online Resource 1, 2, 3, 4). 

Table 2.3 Soil parameters used in DNDC model (Sintim et al. 2015; Wysocki et al. 2013; 

Web Soil Survey 2014)   

Parameters Corvallis Pendleton Pullman Sheridan 

Latitude 44.37 N 45.43 N 46.43 N 44.48 N 

Longitude 123.12 W 118.37 W 116.57 W 106.46 W 

Soil type Willamette silt 

loam 

Walla Walla 

silt loam 

Palouse silt 

loam 

Wyarno clay 

loam 
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pH 5.7 6.1 5.9 7.2 

SOC (0-5cm)(kg 

C/kg) 

0.021 0.013 0.024 0.013 

Sand/silt/clay (%) 12/75/20 16/85 /13 14/78/21 31/36/33 

Soil bulk density 

(g/cm3) 

1.24 1.26 1.22 1.32 

Pre-plant nitrate 

available  (mg 

N/kg) 

6.97 8.83 4.61 2.53 

Pre-plant 

ammonium 

available  (mg 

N/kg) 

2.32 8.63 5.23 2.53 

 

Fig. 2.3 Monthly average temperature in four regions in Northwestern United States 
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Fig. 2.4 Total monthly precipitation in four regions in Northwestern United States 

Additionally, N2O and CO2 emissions from camelina farms were calculated using 

Tier 1 IPCC emission factor to compare the results computed by DNDC. In order to 

calculate the field emissions based on Tier 1 IPCC approach, the amount of nitrogen 

fertilizer (kg N) was multiplied by 1.33% and 32.6% to estimate total (direct and indirect) 

N2O-N emission and CO2-C emissions, respectively for all four regions (IPCC 2006; 

Krohn and Fripp 2012).  

2.3.4 Uncertainty analysis 

The variability in weather, soil condition and management practices can affect the 

field emissions, therefore several parameters which affect the field emissions the most 

were chosen based on literature review and the Monte Carlo analysis was done in order to 

assess the uncertainty (Wang et al. 2008; Tenuta and Sparling 2011; Sainju et al. 2008). 

These parameters chosen for uncertainty analysis are air temperature, precipitation, soil 

bulk density, SOC, fertilization rate and fertilization date. The variation in air 

temperature was chosen as 0.5°C which is close to EPA‘s estimate of climate change in 
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Northwest over the last century (EPA 2015). The variations in precipitation, soil bulk 

density, SOC, fertilization rate and fertilization date was chosen as 10%, 20%, 10%, 10% 

and 5 days, respectively, as recommended by DNDC. In order to run the Monte Carlo 

analysis, the parameter range was input to DNDC software and the number of iterations 

was set to 1000. In DNDC, each range of the input parameter is divided into eight equal 

intervals, and the middle values of the intervals are used to represent the interval. A set of 

randomly selected parameters used to conduct a Monte Carlo run. In each Monte Carlo 

run, the field emissions were simulated for 20 years, therefore, the uncertainty analysis 

for each parameter is based on simulations for 20,000 years.             

2.3.5 Life Cycle Impact Assessment (LCIA)  

The Tool for the Reduction and Assessment of Chemical and other environmental 

Impact (TRACI 2.1) developed by United States EPA was used as an impact assessment 

method in this study (Bare, 2002; Ryberg et al., 2014). TRACI 2.1 impact assessment 

method has seven environment-related (acidification, ecotoxicity, eutrophication, global 

warming, ozone depletion, photochemical ozone formation (POF) and resource 

depletion-fossil fuels) and three human-health-related (carcinogenics, non-carcinogenics 

and respiratory effects) impact categories. The openLCA v.1.4.2 software was used to 

conduct LCA in this study (openLCA 2015). To conduct LCA for camelina biodiesel, 

four main processes including camelina seed production, transportation, camelina oil 

extraction and transesterification were created for four regions using input flows of 

ecoinvent 3.1 database. Processes created in this study are presented as one ILCD file in 

supplementary materials (Online Resource 5).  These processes can be imported into 

openLCA software having access to ecoinvent 3.1 database for replicating the results or 
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for further analysis.  All steps of conducting this study was summarized and shown in 

Fig. 2.5.  

 

Fig. 2.5 All steps in conducting LCA of camelina biodiesel considering variation of 

regional factors  

 

2.4 Results and discussion  

2.4.1 Soil emissions modeling 

The DNDC model was used to simulate the field emissions in all four locations 

based on each location’s management scenario (e.g. rate of applied fertilizer, tillage 

method, and planting date) as well as hypothetical scenarios comparing management 

practices used at other three locations. Therefore, each location has four management 

practices scenarios (Table 2.4). As noted earlier, the yield was varied based on each 

management scenarios. GHGs emissions from camelina field modeled by DNDC are 

different from those calculated using the standard IPCC factors (Table 4). To calculate 

the GHGs emissions based on IPCC Tier 1factors, both N2O and CO2 emissions were 

considered. As shown in Table 2.4, the GHGs emissions from IPCC factors are directly 

proportionate to nitrogen application rate and do not vary over different geographical 
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locations. However, the GHGs emissions from DNDC model do vary over different 

geographical locations due to variations in weather, soil characteristics and management 

practices as observed by other researchers. Kim and Dale (2009) studied the effect of 

Regional variations in greenhouse gas emissions of biobased products in the U.S., and 

they reported that the impact of the regional variations in field emissions is significant. It 

should be noted that while the results from IPCC factors and process-based models such 

as DNDC are almost the same in some cases, they are significantly different in others (Li 

et al. 2001). The results showed that in all four regions, the IPCC formulation 

overestimated the field emissions in comparison with DNDC model. Horak and Siska 

(2006) also evaluated the N2O emissions simulated by DNDC model and IPCC 

formulation for sandy loam soils in the Slovak Republic and reported that the IPCC 

formulation overestimated the N2O emissions. Similar results were reported by Brown et 

al. (2002) for nitrous oxide emissions from UK agriculture fields. In contrast with these 

results, a study on assessing the field emissions in Southern Manitoba, Canada by Uzoma 

et al. (2015) showed that the IPCC Tier II formulation underestimated the N2O emissions 

compared to real measurements and DNDC simulations. The IPCC formulation can 

correctly estimate, underestimate or overestimate the field emissions under different 

conditions and hence it is not recommended for site-specific studies when model-based 

estimates can be obtained more reliably.       
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Table 2.4 Field emissions from camelina farm in four regions with four different management practices in Northwestern United States (The standard 

deviations represent the maximum expected variation in emissions (Reported in Table 5) due to variation in all possible factors such as SOC, soil 

bulk density, nitrogen application rate over 20 year historic weather data)  

                               Corvallis management practicesa     IPCC formulation 

Location 

CO2  CH4 N2O  NO  NH3  NO3
- GHG emissions 

 
CO2 N2O  

(kg C/ha/yr) 
 (kg 

C/ha/yr) 

(kg 

N/ha/yr) 

(kg 

N/ha/yr) 

(kg 

N/ha/yr) 

 (kg 

N/ha/yr) 

(kg CO2-

eq./ha/yr) 

 (kg 

C/ha/yr) 
(kg N/ha/yr) 

Corvallis 82.10±33.32 -0.90±0.05 0.42±0.01 0.20±0.01 5.90±0.51 71.20±4.80 472.51±128.26  29.3±9.8 
1.2 (0.3-

5.9)b 

Pendleton 20.70±23.31 -0.60±0.05 0.21±0.01 0.20±0.02 4.60±0.71 57.80±4.65 157.44±91.55  29.3±9.8 1.2 (0.3-5.9) 

Pullman 50.50±38.75 -0.90±0.04 0.17±0.01 0.20±0.02 3.10±1.88 72.50±6.06 239.58±147.89  29.3±9.8 1.2 (0.3-5.9) 

Sheridan -139.90±13.51 -0.40±0.03 0.27±0.07 0.10±0.02 1.90±0.89 37.70±2.37 -397.73±81.84   29.3±9.8 1.2 (0.3-5.9) 

 Pendleton management practices    
Corvallis 97.40±33.32 -0.90±0.05 0.40±0.01 0.20±0.01 3.90±0.51 59.90±4.80 519.25±128.26  27.4±9.1 1.1 (0.3-5.5) 

Pendleton 3.40±23.31 -0.60±0.05 0.21±0.01 0.20±0.02 4.30±0.71 52.50±4.65 94.01±91.55  27.4±9.1 1.1 (0.3-5.5) 

Pullman 67.40±38.75 -0.90±0.04 0.17±0.01 0.20±0.02 2.80±1.88 59.60±6.06 301.54±147.89  27.4±9.1 1.1 (0.3-5.5) 

Sheridan -98.00±13.51 -0.40±0.03 0.19±0.07 0.10±0.02 1.20±0.89 30.80±2.37 -281.56±81.84  27.4±9.1 1.1 (0.3-5.5) 

 Pullman management practices    
Corvallis 39.50±33.32 -0.90±0.05 0.40±0.01 0.20±0.01 4.70±0.51 80.10±4.80 306.95±128.26  36.5±12.2 1.5 (1.1-7.3) 

Pendleton -80.80±23.31 -0.60±0.05 0.25±0.01 0.20±0.02 7.30±0.71 70.10±4.65 -196.00±91.55  36.5±12.2 1.5 (1.1-7.3) 

Pullman -5.20±38.75 -0.90±0.04 0.20±0.01 0.20±0.02 4.40±1.88 78.10±6.06 49.39±147.89  36.5±12.2 1.5 (1.1-7.3) 

Sheridan -221.9±13.51 -0.40±0.03 0.31±0.07 0.30±0.02 1.40±0.89 41.20±2.37 -679.66±81.84  36.5±12.2 1.5 (1.1-7.3) 

 Sheridan management practices    
Corvallis 186.70±33.32 -0.90±0.05 0.41±0.01 0.30±0.01 3.00±0.51 110.50±4.80 851.36±128.26  36.5±12.2 1.5 (1.1-7.3) 

Pendleton 80.80±23.31 -0.50±0.05 0.18±0.01 0.20±0.02 3.00±0.71 102.6±4.65 366.56±91.55  36.5±12.2 1.5 (1.1-7.3) 

Pullman 156.60±38.75 -0.90±0.04 0.16±0.01 0.20±0.02 3.20±1.88 107.80±6.06 623.93±147.89  36.5±12.2 1.5 (1.1-7.3) 

Sheridan 23.00±13.51 -0.40±0.03 0.44±0.07 0.30±0.02 1.60±0.89 65.80±2.37 279.18±81.84  36.5±12.2 1.5 (1.1-7.3) 

 a Management practices for each location are based on data presented in Table 1 and Online Resource 1, 2, 3, 4 

b Due to asymmetric distribution, the minimum and maximum have been presented in parenthesis 
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It can be seen from Table 2.4 that field emissions and nitrogen leaching vary 

between regions. Camelina production resulted in the highest CO2 emissions in Corvallis 

under all management scenarios. Besides, N2O emissions were the highest in Corvallis in 

almost all the cases. It should be noted that the direct N2O emissions from agricultural 

soils are mainly due to microbially driven nitrification and denitrification processes, and 

the N2O emissions are mainly controlled by the amounts of NH4, NO3, O2 concentration 

and soil organic matter and temperature (Velthof et al. 2002). Higher SOC content 

enhances denitrification process and leads to higher N2O emissions. This result can be 

observed for Corvallis, which has high SOC (Table 2.3) and N2O emissions (Table 2.4) 

among four locations. Pullman has the highest SOC level at levels comparable to 

Corvallis, however, lower initial nitrate concentration and precipitation caused this region 

to result in lower CO2 and N2O emissions. High soil moisture has been reported to lead to 

high N2O emissions (Butterbach-Bahl et al. 2013). Hence, high N2O emissions in 

Corvallis compared to other locations could also be attributed to highest precipitation in 

this location compared to other regions.  Incorporation of crop residues can affect the 

N2O emissions. Although it was assumed that 100% of leaves and stems from camelina 

were left in the field after harvest and the biomass C/N ratio is the same in all regions, the 

quantity of biomass left in the field varied across the regions. Conventionally, the amount 

of applied nitrogen fertilizer is considered to be the primary determinant of N2O 

emissions and is used in estimating the field emissions using IPCC method. However, 

there are several regional factors which can affect N2O emissions. Therefore, there is no 

clear pattern between nitrogen fertilizer amount and N2O emissions in these four regions. 

Pullman and Sheridan management practices had the highest nitrogen fertilizer rate 
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(Table 2.1) and it can be seen that nitrate leaching was the highest in all locations under 

these management practices (Table 2.4).      

The CO2 emission from the soil is due to mineralization of SOC, and it can be 

affected by the physical and chemical environment of soil as well as management 

practices (Paustian et al. 2000). Soil tillage can increase the decomposition rate of crop 

residues by increasing soil oxygen concentrations stimulating microbial processes 

resulting in an increase in CO2 emissions. The results showed that the camelina 

cultivation under Pullman management practices caused C sequestration in Pendleton, 

Pullman, and Sheridan mainly due to the lower number of tillage operations and higher 

amount of crop residues compared to other regions. Higher amounts of crop residues in 

Pullman resulted in a higher amount of organic matter entering the soil carbon pools. On 

the other hand, soils with high moisture content can increase the organic matter 

decomposition rate (Paustian et al. 2000). Thus, the high CO2 emissions in Corvallis 

under all management practices can be attributed to the high moisture of soil in this 

region (Fig. 2.4, Table 2.4). Moreover, camelina cultivation in Sheridan under Corvallis, 

Pendleton, and Pullman management practices showed carbon sequestration due to high 

residue input from these management practices. It should be noted that Sheridan had the 

lowest camelina yield (Table 2.1) and consequently the amount crop residue incorporated 

into the field was the lowest. However, if crop residue were high in Sheridan, there would 

be a higher carbon sequestration potential. Similar observations were reported by Ukaew 

et al. (2015) for soil carbon changes in rapeseed fields at different locations from -0.22 to 

0.32 Mg C ha−1 year−1.  They also stated that higher residue input and no tillage practice 

resulted in higher carbon sequestration. The negative values for methane indicate 
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consumption of atmospheric methane during plant growth (Mosier et al. 1997). The low 

amount of CH4 consumption can be attributed to application of N fertilizers which 

inhibits the CH4 uptake (Mosier et al. 1996).  

No tillage practice in conjunction with high residue input practice has been 

suggested by several studies to reduce the field emissions (Ukaew et al. 2014; Kim and 

Dale 2009). Therefore, field emissions were simulated under three management practices 

including no tillage with high residue input practice, common practice and reduced tillage 

with low residue input practice for all regions (Fig. 2.6). As seen in Fig. 2.6, the response 

to the management practices is not the same across locations due to variation in regional 

factors. With no tillage and high residue input practice, high amount of carbon 

sequestration was observed in Sheridan and Pendleton which resulted in negative values 

for overall GHG emissions. On the other hand, in Corvallis and Pullman, the overall field 

emissions were positive values regardless of the management practices simulated. 

Overall, it can be concluded that no tillage with high residue input scenario can help in 

reducing the field emissions with different effectiveness levels in all four locations while 

reduced tillage with low residue input scenario tends to increase the field emissions.       
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Fig. 2.6 GHGs emissions of camelina farm calculated under three management practices 

 

2.4.2 Uncertainty analysis of DNDC models 

Uncertainty analysis was carried out using Monte Carlo analysis (Tabatabaie and 

Murthy 2016) and the results are presented in Table 5. Variation in air temperature and 

soil organic carbon causes the highest variation in CO2 emissions in all regions. Soil 

temperature affects the rate of organic matter decomposition and consequently CO2 

emissions. Fang et al. (2010) reported that soil CO2 flux varied consistently with soil 

temperature while Lee et al. (2009) observed that soil C input from previous year crop 

residuals affects the decomposition rate of organic matter. Other important factors are 

nitrogen application rate and date which make the highest variations in nitrous oxide, 

ammonia and nitrogen leaching. The amount of nitrogen applied in the field affects the 

nitrification and denitrification rate and consequently the amount of nitrogen related 

emissions. The date of applying nitrogen fertilizer is important due to the effect of 
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weather conditions several days before and after the fertilizer application date on soil 

emissions (Roy et al. 2014).       

Table 2.5 Variation in soil emissions due to variation in soil, weather and management 

parameters (All numbers in this table are standard deviations for field emissions)  

 SOC (10% variation) 

 CO2 CH4 N2O NO NH3 NO3
- GHG 

 kg C/ha kg C/ha kg N/ha kg N/ha kg N/ha kg N/ha 

(kg CO2-

eq./ha) 

Corvallis 
15.75 0.05 0.01 4.50E-3 0.04 1.52 63.83 

Pendleton 
13.30 0.05 2.15E-15 4.85E-3 0.52 1.87 50.17 

Pullman 
13.66 0.04 3.47E-16 4.87E-3 0.04 1.38 51.21 

Sheridan 
10.98 0.03 1.84E-3 1.29E-3 0.15 0.36 41.96 

 Soil bulk density (20% variation) 

Corvallis 
1.15 4.58E-3 1.78E-15 6.94E-16 2.87E-2 0.06 4.34 

Pendleton 
0.01 2.78E-15 2.15E-15 2.69E-15 3.34E-13 9.38E-13 0.04 

Pullman 
0.08 1.52E-14 3.47E-16 1.81E-15 8.15E-3 0.01 0.29 

Sheridan 
4.98E-3 4.00E-15 1.42E-15 5.39E-15 2.49E-14 1.36E-13 0.02 

 Nitrogen application (10% variation in rate and 5 days variation in the application date) 

Corvallis 
0.49 7.06E-4 0.01 0.01 0.51 4.80 6.50 

Pendleton 
2.06 2.47E-14 0.01 0.01 0.71 4.65 12.24 

Pullman 
0.26 2.84E-14 3.75E-3 0.01 0.46 6.06 2.71 

Sheridan 
0.06 1.17E-14 0.07 0.02 0.89 2.26 33.00 

 Precipitation (10% variation) 

Corvallis 
2.63 1.19E-2 4.83E-3 2.83E-15 0.04 0.51 12.24 

Pendleton 
4.36 4.99E-3 2.78E-3 5.00E-3 0.05 2.96 17.43 

Pullman 
1.94 2.42E-2 4.78E-3 5.00E-3 0.51 0.75 10.03 

Sheridan 
1.27 8.10E-3 0.04 2.00E-2 0.33 2.37 23.61 
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 Air temperature (0.5 °C variation) 

Corvallis 
33.32 0.01 0.01 0.01 0.20 3.02 127.14 

Pendleton 
23.31 0.01 0.01 0.02 0.46 2.21 90.43 

Pullman 
38.75 0.04 0.01 0.02 1.88 1.35 147.89 

Sheridan 
13.51 5.00E-3 0.01 0.02 0.25 0.05 54.36 

 

2.4.3 Attributional LCA of camelina production      

The results of DNDC model for field emissions under common practices scenario 

for all regions were imported into openLCA software to calculate the LCIA categories 

using Ecoinvent 3.1 database for 1 kg of camelina seed (Table 2.6). As seen in Table 6, 

the acidification is the same for all regions and ammonia emission from the field, and the 

process of nitrogen fertilizer (urea) production are major contributors in acidification. It 

should be noted that since the environmental impacts for camelina production are 

calculated based on a functional unit of 1 kg camelina, the location with higher yields per 

hectare correspond to lower environmental impacts per kilogram of camelina compared 

to a lower yield location even when the total emissions are same for the two locations. 

Camelina production in Sheridan had the highest environmental impacts due mainly to 

having lowest yield and consuming more inputs. The human health carcinogenics and 

non-carcinogenics are the highest for Sheridan and the main contributors to this impact 

category are fossil fuels and electricity used in seed drying process, agricultural 

machinery operation and the production processes of urea and agricultural machinery. 

Camelina production in Sheridan had the highest urea consumption and the number of 

tillage operations. Tillage practices usually are among field operations with the highest 

fuel consumption (Hanna 2005). The impact category for ozone depletion is the highest 
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in Sheridan and is attributable to the high urea application rates in conjunction with the 

lowest yield. Urea production process was the main upstream process that had the largest 

contribution to the Ozone depletion impact category. Impact category for respiratory 

effects caused by field emissions (mainly ammonia), urea production and agricultural 

machinery production and operation was the highest and the lowest in Sheridan and 

Pullman, respectively. The processes of agricultural production and operation highly 

contribute to photochemical ozone formation which is the highest in Sheridan. Camelina 

production in Sheridan has the highest amount of resource depletion due mainly to the 

production process of urea which is very energy intensive.  

Uncertainties in field emissions were propagated into the LCA analysis to study 

the effect of field emissions variations on LCA results of 1 kg of camelina DMB (dry 

matter basis). These results are depicted as the variation (%) for impact categories in 

Table 6. Since the field emissions are not involved in some impact categories including 

ecotoxicity, carcinogenics, non-carcinogenics, ozone depletion and resource deletion, the 

variation in field emissions does not result in a variation of these impact categories (0% 

variation for these categories). Overall, the variations in field emissions result in 6-18% 

and 6-9% variation in global warming and eutrophication impact categories, respectively 

across different locations. The low variation in acidification and respiratory effect in 

camelina production in Pendleton and Corvallis compared to other regions was due 

mainly to low variation of ammonia emission (Table 2.5) which is the major contributor 

in these two impact categories. As seen in Table 6, the GHG emissions of camelina 

production ranged from 0.47 to 1.26 kg CO2-eq./kg.  Dangol et al. (2015) studied the 

production potential of camelina biodiesel in the Pacific Northwest, and they reported the 
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GHG emissions of camelina production as 0.52 kg CO2-eq./kg. Their values are at the 

lower end of our results, and the difference could be the result of the use of a recorded 

yield from a farmer’s field (1570 kg/ha) for the entire study and the much lower amount 

of inputs for feedstock production than those used in our study.   

Table 2.6 LCA results for 1 kg camelina seed (DMB) production in the Northwestern 

United States (The percentages are standard deviation from the mean value) 

LCIA category Unit/kg Corvallis Pendleton Pullman Sheridan 

Acidification kg SO2-eq. 0.01±2% 0.01±1% 0.01±4% 0.01±3% 

Respiratory effect kg PM2.5-eq. 7.61E-4±1% 7.06E-4±1% 6.11E-4±4% 11.30E-4±2% 

Eutrophication kg N-eq. 0.04±8% 0.03±8% 0.04±9% 0.07±6% 

Global warming kg CO2-eq. 0.76±11% 0.55±10% 0.47±18% 1.26±6% 

POF* kg O3-eq. 0.06±1% 0.06±1% 0.05±1% 0.13±1% 

Ecotoxicity CTUe 1.87±0% 2.43±0% 1.58±0% 3.33±0% 

Carcinogenics CTUh 1.93E-8±0% 1.89E-8±0% 1.56E-8±0% 3.55E-8±0% 

Non-carcinogenics CTUh 7.23E-8±0% 6.73E-8±0% 6.13E-8±0% 12.60E-8±0% 

Ozone depletion kg CFC-11-eq. 9.17E-8±0% 10.8E-8±0% 8.05E-8±0% 19.40E-8±0% 

Resource depletion MJ surplus 0.80±0% 0.78±0% 0.73±0% 1.74±0% 

* Photochemical ozone formation 

To better assess the global warming potential (GWP) of camelina production 

under different management scenarios, the major contributors were defined and shown in 

Fig. 2.7. As can be seen, field emissions have the highest contribution in camelina 

production for most of the cases especially under the reduced tillage with low residue 

input scenario. Overall, the no tillage with high input residue scenario had the lowest 

GHG emissions per one kg of camelina in all locations. In this scenario, the contribution 

of field emissions to overall GHG emissions is low. Following the field emissions, 
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fertilizers had the highest contribution to GWP. The production process of urea is highly 

energy intensive (37.90 MJ/kg) and consequently it poses massive environmental burdens 

(Kelischek 2011). Agricultural machinery and fuels were other inputs which had a 

significant share in GWP. Krohn and Fripp (2012) studied the environmental impacts of 

camelina production in the U.S. and similarly concluded that field emissions and 

fertilizers have the largest contribution to GHG emissions.     
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Fig. 2.7 The emissions contribution for each input in the agriculture stage under three 

management practices 

 

Data regarding camelina production, seed transportation, oil extraction and 

transesterification were imported in openLCA software, and the results of LCA of 1000 

MJ of camelina biodiesel production are presented in Table 2.7. All the impact categories 

vary between different regions, for instance, impact categories such as acidification and 

ecotoxicity for 1000 MJ of camelina biodiesel vary across the regions by 43% and 103%, 

respectively. In all the impact categories, camelina production stage had the highest 

contribution compared to transportation stage, oil extraction stage and biodiesel 

production stage. The GWP of camelina biodiesel at biodiesel station ranged from 44.33 

to 78.88 g CO2-eq./MJ across different regions. It can be seen that there is a significant 

variation between GWP of camelina biodiesel produced in different locations. On the 

other hand, Ukaew et al. (2014) calculated the GWP of rapeseed hydrotreated renewable 

jet (HRJ) fuel using the Roundtable on Sustainable Biofuels (RSB) method in several 

locations, and they reported that there was a small variation between results (42.7-43.0 g 

CO2 eq./MJ). The small variation between their results can be attributed to the 

methodology that they used for modeling the field emissions. The RSB method does not 

consider site-specific data such as soils characteristics, and plant types (Ukaew et al. 

2014). In another study by Ukaew et al. (2015) the effect of different management 

practices on soil emissions and subsequently HRJ fuel production based on different 

scenarios including low, likely, baseline, and high emissions scenarios in different 

locations was investigated. They observed a high variation between the results (4 to 31 g 
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CO2 eq./MJ for the low case, 38-45 g CO2 eq./MJ for the likely case and to 51–70 g CO2 

eq./MJ for the high case scenarios).        

Table 2.7 LCA results for 1000 MJ camelina biodiesel production in the Northwestern 

United States (The percentages are standard deviation from the mean value) 

LCIA category Unit/1000 MJ Corvallis Pendleton Pullman Sheridan 

Acidification kg SO2-eq. 0.45±2% 0.44±1% 0.37±4% 0.53±3% 

Respiratory effect kg PM2.5-eq. 0.03±1% 0.03±1% 0.03±4% 0.05±2% 

Eutrophication kg N-eq. 1.55±8% 1.42±8% 1.63±9% 3.18±6% 

Global warming kg CO2-eq. 53.60±5% 48.87±5% 44.33±7% 78.88±4% 

POF* kg O3-eq. 2.59±1% 2.91±1% 2.28±1% 5.78±1% 

Ecotoxicity CTUe 85.54±0% 117.83±0% 78.56±0% 159.64±0% 

Carcinogenics CTUh 10.10E-7±0% 10.90E-7±0% 9.12E-7±0% 1.82E-6±0% 

Non-carcinogenics CTUh 3.35E-6±0% 3.50E-6±0% 3.09E-6±0% 6.11E-6±0% 

Ozone depletion kg CFC-11-eq. 4.32E-6±.0% 5.44E-6±0% 4.10E-6±0% 9.26E-6±0% 

Resource depletion MJ surplus 45.70±0% 49.44±0% 45.02±0% 91.44±0% 

* Photochemical ozone formation 

 

To better assess the GWP of camelina biodiesel, the contribution of each stage 

under different management scenarios was calculated and shown in Fig. 2.8. Agriculture 

stage had the highest contribution in all regions under the reduced tillage with low 

residue scenario. Additionally, the no tillage with high residue scenario resulted in lower 

GWP for camelina biodiesel in all locations. However the impact of various management 

practices on GWP of camelina biodiesel is not the same across four locations. Similar to 

our results, Miller and Kumar (2013) reported that more than 48% of GHG emissions of 
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camelina biofuel production came from agriculture stage and within agriculture stage, 

more than 34% of GHG emissions came from field emissions.  

 

Fig. 2.8 The emissions contribution of each stage in camelina biodiesel production under 

three management practices 

 

The allocated GHG emissions of camelina biodiesel in four regions under 

common practices scenario were compared to the results of other studies as well as diesel 

(Fig. 2.9). First of all, the GHG emissions of camelina biodiesel do vary between 

different locations which imply that the regional factors affect the LCA results of 

biodiesel production, so the interpretations and recommendations based on LCA results 

should be cite specific. Secondly, The LCA results are sensitive to allocation methods 

(Gnansounou et al. 2009), so in this study, two allocation methods for coproducts using 

energy and economic basis were used to address the uncertainty regarding allocation 

methods (Krohn and Fripp 2012; Keske et al. 2013; World Bank 2015). As seen in Fig. 
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2.9, the results of LCA based on economic allocation is different from energy allocation 

and in all cases, the energy allocation results to higher values which due to the higher 

difference between energy content of products and co-products and a smaller difference 

between the economic value of products and co-products. Similar results have been 

reported by Krohn and Fripp (2012). The GHG emissions for biodiesel from spring 

camelina was calculated by Krohn and Fripp (2012) using KABAM model in the U.S. 

Although different scenarios were studied in these camelina biodiesel LCA studies, the 

variation in regional factors was not considered. Similar generalization was seen in the 

studies by Miller and Kumar (2013) and Li and Mupondwa (2014) in Canada. However 

based on our results, such generalization of the results of LCA for a country based on a 

location specific data might not be appropriate.  
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Fig. 2.9 The allocated GHG emissions for four biodiesel scenarios compared to other studies and diesel   
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2.5 Conclusions 
It is well known that the results of LCA are highly site specific and subsequently 

the recommendations and conclusion should be site specific. In this study, the variations 

due to the regional factors including weather condition, geographical location and 

management practices affect the results of LCA were quantified. The DNDC model was 

used in this study to simulate the field emissions in four geographic locations and the 

results were used to calculate the environmental impacts of camelina biodiesel. The 

results showed that not only does camelina production in different regions have different 

LCA results, but also LCA results can vary within one region due to weather variations. 

In order to investigate the effect of management practices on field emissions three 

scenarios were defined including no tillage with high residue input scenario, common 

practices scenario and reduced tillage with low residue input scenario. Although, overall 

the no tillage with high residue input scenario helped to reduce the field emissions, the 

level of reduction in each location was not the same. Therefore, the variation in weather 

and soil characteristics are important factors in determining the overall field emissions. 

Results showed that CO2 and N2O emissions from fields under common practices 

scenario in Corvallis, OR Pendleton, OR, Pullman, WA and Sheridan, WY were 

estimated as 82.10±33.32, 3.40±23.31, -5.20±38.75 and 23.00±13.51 kg C/ha and 

0.42±0.01, 0.21±0.01, 0.20±0.01, and 0.44±0.07 g N/ha, respectively. IPCC factors 

overestimated the field emissions in all studies areas. OpenLCA software and TRACI 2.1 

method were used in this study to quantify the environmental impacts camelina 

production as well as camelina biodiesel production and the results showed that the GHG 
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emissions for 1 kg of camelina produced under common practices scenario in Corvallis, 

Pendleton, Pullman and Sheridan were 0.76±11%, 0.55±10%, 0.47±18% and 1.26±6% kg 

CO2-eq., respectively. The GHG emissions for 1000 MJ of camelina biodiesel using 

camelina produced in Corvallis, Pendleton, Pullman and Sheridan under common 

practices scenario were 53.60±5%, 48.87±5%, 44.33±7% and 78.88±4% g CO2-eq./MJ, 

respectively. LCA results are sensitive to allocation methods and the results showed that 

energy allocation method resulted in higher value compared to economic allocation 

method.  

Limitation of this study are that only four locations were considered and the soil 

data used for simulating field emissions were for one specific year in each location. 

Availability of long-term soil data would aid in obtaining results with higher fidelity. 

While the process-based models do provide guidance on the expected variations in field 

emissions and LCA, the results of the alternate management scenarios in this study were 

not validated with real field data and hence are only as reliable as the underlying DNDC 

model used. Overall, more studies should be conducted to investigate the effect of 

regional factors on LCA of biobased products and validated with real field measurements 

to calibrate the existing crop models. It can be concluded that process-based crop models 

such as DNDC in conjunction with Monte Carlo analysis are helpful tools to 

quantitatively estimate the influence of regional factors on field emissions which 

consequently can provide information about the expected variability in LCA results. 
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CHAPTER 3 

 

 

A Regional life cycle assessment and economic analysis of camelina 

biodiesel production in the Pacific Northwestern US 
 

 

3.1 Abstract 
The primary goal of this study was to model the soil emissions during camelina and 

wheat production in a three-year cycle in the Pacific North West region of the United 

States considering spatial variations in agro-climatic factors. The second goal of this 

study was to evaluate the effect of regional agro-climatic variations on the life cycle 

impact of biofuel production from camelina. DNDC (Denitrification-Decomposition) 

model was used to estimate the soil emissions in different regions, and openLCA 

software was used to quantify the environmental impacts of camelina biodiesel 

production in the State of Oregon. The suitable lands for the cropping system were lands 

with winter wheat-fallow cropping system and rainfall of 20 to 40 cm. the model was run 

for 60 years to reach to the soil organic carbon (SOC) equilibrium point. The results from 

the cycle with the SOC equilibrium were used to conduct life cycle assessment (LCA). 

Energy allocation method was selected to allocate LCA results based on the energy 

content of products and co-products. The results showed that the global warming 

potential of camelina biodiesel produced under two scenarios was significantly different 

(P-value < 0.01) such that no-tillage practice had lower GHG emissions compared to 

conventional tillage system. Uncertainty analysis was carried out using Monte Carlo 

method, and the results showed that there could be up to 23% variation in soil emissions 
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due to variation in air temperature and SOC. The break-even cost for a three-year crop 

rotation (winter wheat-fallow-camelina) was estimated to be 1715 $/ha/3years; therefore, 

locations with income equal or more than the break-even cost and low environmental 

impacts are suitable for the winter wheat-fallow-camelina rotation system. 

3.2 Introduction 
Over the last two decades due to growing concerns over the negative social, 

political and environmental impacts of fossil fuels and increase in consumption of fossil 

energy, governments have created policies to develop alternative energy sources which 

are both domestic and renewable (Krohn and Fripp, 2012; Tabatabaie et al., 2013). While 

agriculture consumes energy, it also supplies the energy in the form of bio-energy 

(Tabatabaie et al., 2012). Biofuels (e.g. bioethanol, biodiesel) have been developed as 

alternatives for fossil fuels and are often claimed to be nearly carbon-neutral (Miller and 

Kumar, 2013), that is, their contribution toward greenhouse gas emissions (GHGs) in the 

atmosphere is negligible. Life cycle assessment (LCA) is a powerful tool for analyzing 

the environmental impacts associated with a product, process or service through creating 

an inventory of applied inputs and environmental releases, assessing potential 

environmental impacts relating to each inputs and interpreting the results (EPA, 2016; 

Khanali et al., 2017). While general conclusions from LCA studies point to lower 

environmental impacts of biofuels, many studies have shown that the environmental 

impacts depend on location, production practices and even local weather variations 

(Tabatabaie and Murthy, 2017; Bessou et al., 2013). Therefore, detailed studies of 

technical feasibility, economic viability and environmental sustainability are essential to 

establish long term overall sustainability of biofuels and bioproducts. 
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The biofuel supply chain consists of the production of the biomass feedstock, 

processing and conversion, and several transportation stages (McBride et al., 2011). 

Feedstock production is a critical step due to its major contribution to environmental 

impacts, water consumption and total cost (Fig. 3.1). Within feedstock production stage, 

fertilizers, and emissions from soil during farming are major contributors to the 

environmental impacts (Kumar and Murthy, 2012; Tabatabaie and Murthy, 2017; 

Rajaeifar et al., 2013). The emissions from the soil during farming are highly nonlinear in 

time and dependent on multiple stochastic factors such as weather, soil type and farm 

management practices (Bessou et al., 2013; Sultana and Kumar, 2011).  

Fig. 3.1 Contribution of each step in global warming potential (GWP), water 

consumption and total cost within biofuel supply chain (Miller and Kumar, 2013; 

GREET, 2015; Muñoz et al., 2014; Zhexuan et al., 2014; Vimmerstedt et al., 2012; 

McAloon, 2000) 

Variations in soil emissions due to soil properties, weather related factors and 

crop management practices (e.g. tillage, field operations, irrigation, fertilization 

schedules) can be reliably estimated using well-calibrated process-based agro-

biogeochemistry models. Although process-based models are recommended options for 
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estimating soil emissions (World Bank, 2012), they need calibration with high-quality 

field data and a high level of expertise to operate. Therefore, LCA practitioners often 

prefer not to use process-based models but rather use IPCC Tier I emission factors 

(Goglio et al., 2015). Although IPCC Tier 1 methodology is simple and easier to use, it 

cannot capture the variation in soil emissions due to variation in geographical, weather 

and crop management factors, leading to a high level of uncertainty (Goglio et al., 2015). 

Process-based models such as DAYCENT (Daily Century Model), DNDC 

(DeNitrification-DeComposition) and CENTURY simulate the carbon and nitrogen 

biogeochemistry in agricultural soils (Tabatabaie and Murthy, 2016). Almost all process-

based models have similar structure and require data inputs including climate conditions, 

soil characteristics and management practices (Goglio et al., 2015).  

One of the process-based models which has been developed, validated and peer 

reviewed for last 20 years (Gilhespy et al., 2014, Hastings et al., 2010) is DNDC. The 

DNDC is a user-friendly software developed by Li et al. (1992) and the usefulness of the 

DNDC model to estimate field emissions has been assessed by several studies (Uzoma et 

al., 2015; Dietiker et al., 2010). The DNDC model simulates the carbon and nitrogen 

biogeochemical cycles and contains six interacting sub-models encompassing soil-

climate, plant growth, decomposition, nitrification, denitrification and fermentation (Zhao 

et al., 2015). The DNDC model has the ability to simulate soil emissions in both site-

specific mode and regional mode. While site-specific mode is assumed to be more 

flexible and transparent (Perlman et al., 2013), regional mode can simulate a larger area 

and be useful for decision-making purposes. Due to an increase in the availability of high 

resolution spatial (Javadnejad et al., 2017), agricultural and environmental data and 
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computing power, modeling soil emissions across broad geographic areas has become 

feasible and crucial in light of concerns about GHG emissions from agriculture (Perlman 

et al., 2013). For instance, Richards et al. (2016) has estimated soil greenhouse gas 

emissions from land-use change to energy crops in the United Kingdom. 

Zhao et al. (2015) assessed the application of DNDC model for rice cultivation in 

regional scale of 120,000 ha with raster cells of 100 m ×100 m in NE-China and reported 

that the high spatial resolution of the model input data (specially soil data) improved the 

model yield prediction capability; similarly, Perlman et al. (2013) evaluated the use of the 

DNDC model to estimate variation in nitrous oxide emissions from agricultural lands for 

large geographic areas using maize production in the US. Syp et al. (2016) used four 

tools including DNDC to assess nitrous oxide emissions from rapeseed cultivation in 

Poland and they reported that DNDC worked well at country level. Biswal et al. (2016) 

studied the spatial variability of soil emissions in India using regional mode of DND. 

They estimated the soil greenhouse gas fluxes such as methane, carbon dioxide and 

nitrous oxide on a sub-basin scale and they reported that the variability of soil emissions 

due to variation in regional factors was high. 

Among various energy crops used to produce biofuels, camelina (Camelina sativa 

L.), an oilseed crop in the Brassicaceae family, is a suitable option due to low nutritional 

and moisture requirements (Sintim et al., 2015). Spring camelina has a short growing 

season of 85-100 days from emergence to maturity. These characteristics along with 

relatively high oil content (32-43%) make camelina a promising feedstock for biodiesel, 

aviation fuel, or other liquid fuel in the Pacific Northwest (PNW), US. (Wysocki et al., 

2013; Moser, 2010). Although camelina is native to Central Asia and has been cultivated 
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in Europe for centuries (McVay and Lamb, 2008), it is a relatively new crop in the U.S. 

with 8100 ha planted in northern region in 2010 (Wysocki et al., 2013; Dangol et al., 

2015). The conventional cropping system in PNW is a two-year rotation with winter 

wheat and fallow; however, in the proposed cropping system, camelina is grown in a 

three-year rotation with winter wheat and summer fallow. Since camelina has been 

introduced to preserve soil organic carbon, it is important to study the environmental 

impacts of introducing this crop in the PNW. 

Based on literature review, no study was found to investigate the effect of agro-

climatic and management factors on environmental impacts of camelina biodiesel 

production in the PNW using spatial data. Therefore, the objectives of this study were 

first to simulate the soil emissions using DNDC in a regional scale for the three year 

winter wheat-fallow-camelina cropping system and use the predicted soil emissions to 

conduct attributional LCA for biodiesel production from camelina.    

3.3. Material and methods 

3.3.1. Goal definition and system boundary 

The methodology of this study is based on the LCA methodology described by 

the International Organization for Standardization (ISO) on environmental management 

(ISO 14040, 2006) in which there are four phases in an LCA study: a) the goal and scope 

definition, b) inventory analysis, c) impact assessment and d) interpretation.  The primary 

goal of this study was to model the soil emissions during camelina and wheat production 

in a three year cycle in the PNW, U.S. considering spatial variations in agro-climatic 

factors. The second goal of this study was to evaluate the effect of regional agro-climatic 

variations on the LCA of camelina biofuel production. The study area was chosen as 

north and northeast Oregon where many field trials have been conducted to assess 
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camelina production (Wysocki et al., 2013; Guy et al., 2014), thus providing access to 

high-quality life cycle inventory data. In order to conduct LCA, cradle to farm gate and 

well to pump approaches were chosen for the seed production and the biodiesel 

production stages, respectively. The system boundaries for this study are shown in Fig. 

3.2. 

 

Fig. 3.2 System boundaries of camelina biodiesel production 

In order to allocate some parts of emissions to co-products (e.g. camelina meal, 

glycerin, potassium phosphate), an allocation method should be used. Since the major 

product in this study was camelina methyl ester which is an energy source, energy 

allocation method was selected such that LCA results were allocated based on the energy 

content of products and co-products (Wang et al., 2011). In this study the functional unit 

was defined as 1000 MJ of camelina methyl ester (biodiesel) at the biodiesel station. 
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The typical crop rotation in the PNW is winter wheat-summer fallow. The PNW 

is a low-precipitation region, therefore, the fallow period allows the soil to store moisture 

from precipitation over the winter. This stored moisture is critical for seed germination 

and emergence of winter wheat (Fisk, 2014). Wheat is a major crop in the PNW with a 

long history of success in production of high yields and it is considered as the cash crop 

for the dry land farmers. Oregon with 331,200 ha of wheat cultivation and ~1 million MT 

production (USDA-NASS, 2016) is a major wheat producer state in the PNW. Camelina 

has been proposed as a replacement for the fallow year in the three year crop rotation 

(winter wheat-fallow-camelina) to potentially increase farmer’s income, preserve soil 

organic carbon, reduce dust emissions due to reduced fallow periods and contribute to 

biofuel production (Wysocki et al., 2013; Fisk, 2014). In the first year of this 3-year 

cropping system, winter wheat is planted in mid-September to mid-October and harvested 

in the second year by July. The fallow starts after harvesting the winter wheat and it ends 

in the third year when camelina is planted in March. Finally, this cropping cycle ends 

when camelina is harvested in August of the third year. 

3.3.2. Spatial soil emission modeling 

The DNDC is a process-oriented simulation model originally developed to 

estimate carbon (C) and nitrogen (N) biogeochemical cycles in the U.S. agroecosystems 

(Wang et al., 2008). This model consists of two major components each of which have 

several sub-models. The first component contains three sub-models including soil 

climate, crop growth and decomposition and predicts soil temperature, pH, soil moisture 

content, redox potential and substrate concentration profiles controlled by ecological 

factors such as climate and soil characteristics soil. The second component which 

contains the nitrification, denitrification and fermentation sub-models, estimates 
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emissions of carbon dioxide (CO2), methane (CH4), ammonia (NH3), nitric oxide (NO), 

nitrous oxide (N2O), dinitrogen (N2) and nitrate (NO3
-) leaching from the plant-soil 

systems. The DNDC calculations are based on various laws of physics, chemistry and 

biology, as well as empirical equations generated from laboratory studies. These 

calculations link between carbon and nitrogen biogeochemical cycles and the primary 

ecological drivers (Li et al., 2005; Li at al., 1994). The DNDC has the capability to 

predict the soil emissions in site and regional modes. The regional mode uses a database 

containing spatially referenced data. Since the database is not directly integrated with a 

GIS, input data must be separately prepared in a GIS compatible format (Mulligan, 

2005). Unfortunately, the regional mode cannot handle multi-year crop rotations. 

Therefore, in this study a batch of site mode DNDC input files were prepared for each 

unique site and used to estimate the soil emissions in winter wheat-fallow-camelina 

cropping system in the state of Oregon (Fig. 3.3).    
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Fig. 3.3 DNDC process flow 

 

3.3.3. Data inventory 

3.3.3.1. Spatial data 

The typical crop rotation in the PNW is winter wheat-summer fallow. The PNW 

is a low-precipitation region, therefore, the fallow period allows the soil to store moisture 

from precipitation over the winter. This stored moisture is critical for seed germination 

and emergence of winter wheat (Fisk, 2014). Wheat is a major crop in the PNW with a 

long history of success in production of high yields and it is considered as the money 

crop for the farmers. Oregon with 331,200 ha of wheat cultivation and ~1 million MT 

production (USDA-NASS, 2016) is a major wheat producer state in the PNW with the 

conventional winter wheat-summer fallow cropping system. Camelina has been 

introduced to this region in order to intensify and diversify the conventional winter 

wheat-summer fallow cropping system with an aim to improve the farmer’s income and 

reduce dust emissions due to reduced fallow periods (Wysocki et al., 2013; Fisk, 2014). 

Many field trials have been conducted to assess camelina cultivation in Oregon (Wysocki 

et al., 2013; Guy et al., 2014) thus providing access to high-quality life cycle inventory 

data.  

In order to determine the suitable land for camelina cultivation, two major criteria 

were considered. First of all, based on the study by Painter (2011), the economic 

breakeven yield for non-irrigated camelina was reported as 980 kg ha-1 (at the price of 

$0.40) and this yield is achieved at minimum of 19 cm of rainfall (Hergert et al., 2011). 

Dangol et al. (2015) specified the viable rainfall zone for camelina cultivation in the 

PNW as 19 to 38 cm. In this study we considered 20 to 40 cm as viable rainfall zone to 



70 
 

simplify calculations. Then, based on a 30 year (1981-2010) annual average precipitation 

map (USDA-NRCS, 2016) the areas of 20 to 40 cm rainfall were selected using ArcGIS 

(v. 10.3) (Fig. 3.4).  Since camelina is proposed to be introduced to the winter wheat-

summer fallow cropping system, areas with wheat cultivation were determined using the 

land use map in 2015 obtained from USDA-NRCS (2016). At the end, the selected map 

of rainfall and land use were intersected and the map of viable regions for camelina 

cultivation in the state of Oregon was created. Most of viable regions were scattered over 

four counties including Umatilla, Morrow, Gilliam and Sherman. Therefore, these four 

counties were selected as our study area (Fig. 3.4).  
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Fig. 3.4 Selected regions with annual rainfall of 20-40 cm (highlighted in blue) 

 

   The DNDC model requires three sets of data which includes meteorological 

data, soil characteristics and management practices. Meteorological data with a daily 

temporal resolution were obtained from National Center for Environmental Information 

(NCEI, 2016) for year 2010. Since the weather stations are scattered throughout the state 

(Fig. 3.5), the weather data for each polygon (field) was obtained from the closest 

weather station. Weather data were input to DNDC in the format of text file with 

maximum temperature, minimum temperature and precipitation.  
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Fig. 3.5 Distribution of weather station in Oregon State 

 

Soil data for the selected regions were obtained from USDA-NRCS Soil Survey 

(2016) as the Gridded Soil Survey Geographic (gSSURGO) Database. gSSURGO 

database was released on January 20, 2016, and are available in both state-wide tiles and 

the Conterminous U.S. (CONUS) at a resolution of 10 meters in the format of an 

Environmental Systems Research Institute, Inc. (ESRI®) file geodatabase. The file 
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geodatabase contains vector-based SSURGO digital map data and tabular data. In all the 

maps each polygon (cell) is liked to a map unit identifier called the map unit key (Soil 

Survey Staff, 2016). According to the Web Soil Survey (Soil Survey Staff, 2016) “A map 

unit delineation on a soil map represents an area dominated by one or more major kinds 

of soil or miscellaneous areas. A map unit is identified and named according to the 

taxonomic classification of the dominant soils”. Each map unit has its own physical and 

chemical properties and some of these properties can be found in the tabular data. By 

joining the tabular data to the map unit polygon, properties for each map unit can be 

obtained. This process is automated in the Soil Data Management Toolbox 

(downloadable from USDA-NRCS Soil Survey website) designed for the ArcMap which 

provides soil properties and interpretations for each map unit. For each map unit, soil 

properties provided as maximum value and minimum value. The average of these two 

values were used as the representative value for each map unit key. The required soil 

properties including soil bulk density, soil pH, soil organic carbon (SOC) and soil clay 

content were obtained by averaging the maximum and minimum values for each map unit 

in the tabular data in the Soil Data Management Toolbox. The tabular data were joined to 

the polygon map creating a soil map for the state of Oregon with all the required soil 

properties. Finally, the map of viable regions for camelina cultivation were intersected 

with the soil map in order to identify the soil data for the target regions (the first 10 cm of 

topsoil was considered) (Fig 3.6). The selected area consisted of 51156 polygons each 

with a map unit key. Polygons with identical soil properties were given the same map 

unit key. Soil Data Management Toolbox provides the soil organic matter (SOM) for 

each map unit and in order to calculate the SOC, the ratio of SOC to SOM was assumed 
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to be 0.58 (Pribyl, 2010). Soil porosity was calculated as follows (Brimhall and Dietrich, 

1987; Zhao et al., 2015):  

Porosity = 1 −
𝐵𝐷

𝜌𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒
                                                                                               (1) 

where BD is bulk density and ρparticle was assumed to be 2.56 g/cm3. 

 

Fig. 3.6 Soil characteristics of selected regions 

 

3.3.3.2. Crop parameters and agricultural management practices       

The DNDC crop parameters include maximum yield, biomass portioning, C/N 

ratio, season accumulative temperature, water demand, and N fixation capacity. These 

parameters can be modified by users based on the specification of each crop studies by 

the users. In this study, we focused on two crops, camelina and winter wheat. Camelina 

crop parameters do not exist in the default DNDC crop library and hence rapeseed crop 

parameters were used as a basis to determine camelina crop parameters due to 
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resemblance of these two crops. They also both are from the Brassicaceae family 

(AgMRC, 2015). The maximum grain production parameter was modified to match the 

experimental values obtained from (Wysocki et al., 2013, Stein et al., 2014; Seavert et al., 

2014). Crop parameters and management practices are provided in supplementary 

materials, Appendix B. Besides, the default winter wheat crop yield parameters in DNDC 

were modified to match the Oregon’s wheat yield. Agricultural management practices 

such as fertilizer input rate and date, tillage type and date, planting and harvest dates and 

residue managing play an important role in determining the yields and soil emissions 

(Tabatabaie and Murthy, 2017). While management data are important factors affecting 

the soil emissions, variation in management practices due to variation in geographical 

location is high (Tabatabaie and Murthy, 2016) and even in one region, individual 

farmers follow his or her own unique practices. Therefore, considering all the possible 

variations in practices is practically unrealistic when conducting regional scale analyses.  

In this study, management data for camelina and winter wheat cultivation in Oregon were 

obtained from Wysocki et al. (2013) and Seavert et al. (2012), respectively. Based on the 

common management practices, two scenarios were defined: Scenario one which follows 

no tillage (NT) system and scenario two which follows a conventional tillage (CT) 

system.  

3.3.3.3 Soil emissions modeling 

Many studies have reported that it takes about 20 years to establish a new soil 

organic carbon (SOC) equilibrium after a disturbance in soil in terms of changed 

management practices, crop patterns, fertilization or irrigation strategies (Aalde et al., 

2006; Ukaew et al., 2015). Therefore, a 20 year spin-up time has been recommended for 

modeling soil emissions using DNDC (Perlman et al., 2013). In this study, since we have 
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a 3-years crop rotation, we simulated the soil emissions for 60 years which is 20 

iterations of 3-year cycle. The SOC equilibrium year was defined as the year in which the 

change in soil organic carbon (dSOC) was less than 5 % (Tabatabaie and Murthy, 2017). 

Accordingly, cycle 14 was chosen as the cycle with SOC equilibrium and the results for 

this cycle were used for further analysis.  Locations with the same soil properties (map 

unit key) were aggregated as one location and one DNDC input file was created for that 

location. After preparing the DNDC input files for both scenarios using climate data, soil 

properties and management practices, they were imported to the DNDC in order to 

simulate the soil emissions for each polygon.  

3.3.3.4. Conversion processes data 

Based on the system boundaries, after harvesting camelina, seeds are sent to the 

conversion plant in which first camelina oil is extracted and then camelina methyl ester is 

produced. The conversion processes data for camelina biodiesel production were 

obtained from Jungbluth et al. (2007) and were assumed to be the same for all regions 

(Table 3.1). In the oil extraction process, the camelina seed is first cleaned and heated to 

40-50 °C and then the seeds are mechanically pressed, and the crude oil is extracted using 

solvent extraction method. Finally, the water degumming process is done to hydrate the 

phosphatides and remove the gums from crude oil. Camelina meal is produced as a by-

product which can be used as animal feed. The raw degummed camelina oil is 

transesterified to change the triglyceride molecules to methyl ester molecules in the 

presence of an alcohol and acid or base catalysts. In this study, potassium hydroxide was 

considered as the alkali catalyst and methanol as the alcohol. In the transesterification of 

camelina oil, glycerin and potassium phosphate are produced as co-products (Jungbluth et 

al., 2007). After transesterification process, camelina methyl ester was transported by 
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tank truck from biodiesel production plant to gas stations in the distance of 80 km (Shen 

et al., 2012).    

Table 3.1 Inputs used in camelina oil extraction and biodiesel production (Jungbluth et 

al., 2007) 

Item Unit Value 

Oil extraction stage   

    Electricity kWh/tonne seed 42.0 

    Steam MJ/tonne seed 707.7 

    Hexane kg/tonne seed 1.1 

    Heat MJ/tonne seed 54.5 

    Phosphoric acid kg/tonne seed 0.3 

    Bentonite kg/tonne seed 2.3 

Biodiesel production stage   

    Methanol kg/ tonne camelina oil 110.5 

    Potassium Hydroxide kg/ tonne camelina oil 11 

    Phosphoric acid kg/ tonne camelina oil 4.5 

    Heat MJ/ tonne camelina oil 896.8 

    Electricity kWh/ tonne camelina oil 41.1 

 

3.3.4 Impact assessment 

In this study, the Tool for the Reduction and Assessment of Chemical and other 

environmental Impact (TRACI 2.1) developed by US EPA was used as an impact 

assessment method (Bare 2002; Ryberg et al. 2014). In this study, the openLCA v.1.4.2 

software was used to conduct LCA for camelina biodiesel production (openLCA, 2016). 
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In this regard, four main processes including camelina seed production, transportation, 

camelina oil extraction, and transesterification were created for four regions using input 

flows of ecoinvent 3.1 database. Processes created for this study are freely accessible and 

presented in our previous study (Tabatabaie and Murthy, 2017).       

3.3.5 Uncertainty analysis 

To assess the uncertainty involved with soil emissions in site mode, Monte Carlo 

simulations were performed in DNDC. The range for each input parameter was divided 

into eight equal intervals, and the mid-point values of each intervals were used to 

represent the interval. Results from our previous study (Tabatabaie and Murthy, 2017) 

showed that variations in air temperature and SOC caused the highest variation in the soil 

emissions. Therefore, in this study we selected air temperature and SOC to quantify the 

variation in field emissions. The variation in air temperature and SOC were defined as 

0.5°C and 10%, respectively based on the variations observed in the 10 year daily 

weather data and soil data. The number of iterations was set to 1000 and since the field 

emissions were simulated for 60 years, for each parameter the model was run for 60,000. 

The typical run times on a desktop computer (Intel Core i7 processor, 3.60 GHz, 16 GB 

RAM) was 16 h. In order to reduce computational time, the Monte Carlo simulation was 

carried out for limited number of locations, locations with the highest and lowest dSOC.   

3.3.6 Economic analysis 

The economic analysis was carried out using enterprise budgets which are 

detailed accounting of production costs and returns which provide an estimate of 

profitability for a crop and are prepared by state extension agricultural economists 

(Arbuckle et al., 2014). Two enterprise budgets containing the economic data for winter 

wheat and camelina production were used (Stein et al., 2014; Seavert et al., 2014).   
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3.4 Results and discussion     

3.4.1. Soil emissions 

The DNDC model was used to simulate the soil emissions for the three-year crop 

rotation (Winter Wheat-fallow-camelina) in the state of Oregon under two scenarios of 

conventional (CT) and no-till (NT) practices. The results showed that change in SOC 

(dSOC) did vary across different locations and in most locations, lower initial SOC 

resulted in lower CO2 emissions (Fig. 3.7). Kim and Dale (2009) studied the effect of 

regional variations in greenhouse gas emissions of biobased products in the USA and 

they reported that the impact of the regional variations on field emissions is significant 

(1.1 to 2.0 kg CO2-eq. for one kg of ethanol and 0.4 to 2.5 kg CO2-eq. for one kg of 

soybean oil). For example, it can be seen from Fig. 7 that different tillage practices can 

affect the soil emissions. Carbon sequestration (indicated by negative dSOC) is affected 

by several parameters including climate, soil properties and amount of crop residue 

incorporated in the soil after harvest (Hermle et al., 2008). Adding camelina to the 

conventional winter wheat-summer fallow system can maintain or buildup SOC due 

mainly to increase in amount of crop residue incorporated into the soil. Machado (2011) 

studied the SOC dynamics using long-term experimental data in PNW and showed that 

the conventional winter wheat-summer fallow system depletes SOC. On the other hand, 

introducing a new crop to the conventional cropping system would maintain or buildup 

SOC as suggested by our results.         
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Fig. 3.7 Change in soil organic carbon (dSOC) for a three-year crop rotation in four 

counties 
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Zaher et al. (2013) used CropSyst model to evaluate the effect of tillage on soil 

organic carbon and they reported that under the no tillage system, the winter wheat-spring 

barley-fallow cropping system can sequester ~100 kg C/ha. It should be noted that, in low 

rainfall zones, changing cropping systems and management practices results in lower 

carbon sequestration than that of high rainfall regions. Similar results have been reported 

by Zaher et al. (2013).     

As can be seen from Fig. 3.8, the no-tillage/direct seeding practice (NT) generates 

lower GHG emissions compared to the conventional tillage system. Several studies have 

shown that conventional tillage practices such as moldboard plowing is linked with SOC 

depletion (Ussiri and Lal, 2009; Machado, 2011). On the other hand, numerous studies 

have shown that no-tillage practice can convert agricultural soils from C sources to C 

sinks (Six et al., 2004; Marland et al., 2003; Hermle et al., 2008). No-tillage practice is 

widely recommended by several studies as a strategy to improve SOC content, reduce 

erosion, minimize agricultural energy use and decrease CO2 emission to the atmosphere 

(USDA NRCS, 2011; Kiluk, 2014). Our modeling results support these studies and show 

that, no-tillage practice enhanced carbon sequestration while the conventional tillage 

under the same condition resulted in carbon emissions from the soil.  
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Fig. 3.8 GHG emissions for a three-year crop rotation under two scenarios 
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3.4.2. Attributional LCA of camelina biodiesel production 

The results of DNDC model for field emissions under two scenarios were 

imported to openLCA software in order to quantify the environmental impacts of 

camelina biodiesel production. The global warming potential (GWP) of camelina 

biodiesel varied between 39 to 84 kg CO2-eq./1000 MJ across different locations (Fig. 

3.9). While some studies such as Dangol et al. (2015) presented number for GHG 

emissions of camelina production (0.52 kg CO2-eq./kg), other studies such as Miller and 

Kumar (2013) calculated the GHG emissions for various scenarios of producing 

hydrogenation-derived renewable diesel and they reported that the GWP of camelina 

biodiesel varied from 30 to 82 kg CO2-eq./1000 MJ. In the same context, Bessou et al. 

(2013) concluded that variation in regional factors caused variation in LCA of biofuels 

(0.045-0.068 kg CO2 /MJ for sugar beet ethanol production). The GWP of camelina 

biodiesel produced under two scenarios was significantly different (P-value < 0.01) such 

that no-tillage practice had lower GHG emissions compared to conventional tillage 

system. Nitrogen related emissions and nitrate leaching had the highest contribution to 

the acidification and eutrophication metrics for camelina biodiesel. Therefore, variation 

in soil emissions caused by geographical factors can significantly affect these two 

environmental impact categories (Figs. 3.10-3.11). One of the components causing 

eutrophication is the nitrate leached from agricultural soils. Usually, during autumn and 

winter, the crop nitrogen uptake dynamic does not coincide with nitrogen mineralization, 

thus dissolved nitrate ions are transported through the soil into ground water (Powlson, 

1993; Kirchmann et al., 2002). Incorporation of crop residues into soil and use of 

nitrogen fertilizers can also increase the nitrate leaching which increase the 
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eutrophication. Based on our results, areas with higher precipitation resulted in higher 

nitrate leaching. Another component which causes both acidification and eutrophication 

is ammonia. Nitrogen can be lost from soil as ammonia gas during the process of 

volatilization when urea is transformed to NH4
+-N (Lamb, 2014). In this study, the major 

fertilizer was urea and therefore, ammonia volatilization occurred in all locations at rates 

determined by the soil and weather characteristics.           
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Fig. 3.9 GWP of camelina biodiesel under two scenarios 
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Fig. 3.10 Acidification potential of camelina biodiesel  
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Fig. 3.11 Eutrophication potential of camelina biodiesel  
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To demonstrate the variation in soil emissions and environmental impacts of camelina 

biodiesel production due to regional factors, three locations with the highest dSOC and 

three location with lowest dSOC and soil emissions as well as environmental impacts 

associated with these locations are presented in Table 2. Due to high number of polygons 

(>51,000), we presented only a subset of six locations for clarity. The complete set of 

results are presented in Appendix A, Supplementary Materials. The N2O emissions from 

soil were higher under NT scenario compared to CT scenarios (Table 2). Soil GHG 

emissions including N2O emissions involve a complex interaction of several factors such 

as tillage, soil moisture, soil texture and etc.; therefore, no-tillage practice might not 

result in lower N2O emissions all the times. For instance, Mangalassery et al. (2014) 

assessed the impact of different tillage practices on soil GHG emissions and they found 

that that N2O emissions were higher under NT than CT by almost 50%. Similarly, 

Reginal and Alakukku (2010) measured the N2O emissions of soils that had been under 

NT and CT practices for 5-7 years and they reported that soils under NT had 21 to 86% 

higher N2O emissions. Soil characteristics and annual precipitation of these six locations 

are presented in Table 3. It can be seen from Tables 2 and 3 that locations with higher 

initial SOC, higher clay content and lower pH tend to have high CO2 emissions.     
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Table 3.2 Soil emissions and environmental impacts of camelina biodiesel production. 

Location Scenario 

CO2  CH4 N2O  NO  NH3  NO3
- 

GHG 

emissions 

GHG 

emissions 
Acidification Eutrophication Income 

(kg 

C/ha)a 

 (kg 

C/ha) 

(kg 

N/ha) 

(kg 

N/ha) 

(kg 

N/ha) 

 (kg 

N/ha) 

(kg CO2-

eq./ha) 

(kg CO2-

eq./1000 MJ) 
(kg SO2-

eq./1000 MJ) 

(kg N-eq./1000 

MJ) 
$/ha 

61121b 

NT 341.91 -6.08 0.56 0.48 16.78 102.34 1313.24 56.03 0.46 0.82 2105 

CT 431.83 -6.14 0.50 0.49 8.36 116.92 1612.85 58.75 0.34 0.97 1974 

64445 

NT 341.80 -6.08 0.56 0.48 16.78 102.42 1312.84 56.03 0.46 0.83 2105 

CT 431.76 -6.14 0.50 0.49 8.36 116.89 1612.60 58.75 0.34 0.97 1974 

64528 

NT 327.60 -5.32 0.72 0.47 17.87 121.27 1361.03 59.22 0.57 1.24 1638 

CT 432.17 -5.21 0.66 0.48 5.59 127.54 1720.03 60.93 0.30 1.16 1772 

64417 

NT -111.15 0.00 0.06 0.34 15.40 113.52 -379.45 38.63 0.98 2.74 707 

CT -97.70 0.00 0.05 0.36 9.26 100.56 -334.82 41.84 0.53 1.72 1011 

64570 

NT -95.26 0.00 0.07 0.37 14.55 111.40 -316.51 40.88 0.85 2.37 804 

CT -47.32 0.00 0.06 0.40 8.63 100.83 -145.41 44.86 0.49 1.65 1031 

61085 

NT -81.55 -0.47 0.25 0.36 15.35 78.56 -197.61 45.48 0.47 0.72 1815 

CT -30.22 -0.27 0.22 0.36 6.27 91.18 -16.78 46.86 0.31 0.86 1686 

a All the soil emissions are  calculated for 3-year cropping  system. 

b Three locations with highest CO2 emissions and three locations with the  lowest CO2 emissions. 
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Table 3.3 Soil characteristics and annual precipitation for 6 selected locations 

Location SOC Clay content Bulk density pH Precipitation 

 Kg C/kg soil % g/cm3  cm 

61121 0.018 20 1.3 6.7 47.81 

64445 0.018 20 1.3 6.7 47.81 

64528 0.014 15 1.3 7.2 47.84 

64417 0.004 12.5 1.4 8.8 47.81 

64570 0.004 12.5 1.4 8.8 47.84 

61085 0.007 10 1.3 7.2 46.90 

 

3.4.3. 20 year spin-up time  

When soil surface is disturbed, SOC levels fluctuate and require time to reach a 

new SOC equilibrium in the soil. Perlman et al. (2013) modeled agricultural nitrous oxide 

emissions in a regional scale using DNDC and they concluded that ‘spin-up time’ of 20 

years in necessary for modeling soil emissions. Fumoto et al. (2008) used DNDC to 

simulate methane emission from rice paddy fields under various residue management and 

fertilizer regimes and they ran DNDC for a time period of about 20 years with constant 

inputs for climate and agricultural practices to achieve a near-steady state for soil C 

pools. In this study since we focused on a three-year crop rotation, 20 cycles of three 

years were simulated for each location to establish the new SOC equilibrium in the 

model. As can be seen from (Fig.12), within first five cycles there is a huge variation in 

SOC values and it reaches a steady state in cycle 14. Thus, we used the estimated soil 

emissions on cycle 14 to present the results and conduct LCA for camelina biodiesel. A 
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strong trade-off exists between spin-up time and model run time and based on our results, 

14 cycles of model simulation was adequate to establish the new SOC equilibrium. 

Reducing spin-up time from 20 cycles to 14 cycles reduced the computing time 

significantly.     
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Fig. 3.12 Change in soil organic carbon within 20 3-year cycles for two random locations 

(red data point is the C equilibrium point; negative numbers for dSOC imply carbon 

sequestration in the soil while positive numbers represent carbon lost from the soil) 

 

3.4.4. Transportation 

Several studies have investigated the feedstock logistics and facility locations 

using variety of methods (Maung et al., 2013; Mirkouei and Haapala, 2015; Mirkouei et 

al., 2016). Based on our preliminary study (results not reported here), the longest 

transportation distance (farm to biodiesel production plant) of 220 Km in the study area 

had less than 5% contribution in GHG emissions. Therefore, the effect of transportation 

on environmental impacts of camelina biodiesel was found negligible and a uniform 

transportation distance of 80 Km was assumed for all regions (Pradhan et al., 2009).         

3.4.5. Uncertainty analysis 

Uncertainty analysis was carried out using Monte Carlo method in which repeated 

random sampling is done from a parameter space with a given probability distribution. In 

DNDC, each range of the input parameter is divided into eight equal intervals, and the 

middle values of the intervals are used to represent the interval. A set of randomly 

selected parameters used to conduct a Monte Carlo run. The results of Monte Carlo 

analysis showed that there can be up to 23% variation in soil emissions due to variation in 

air temperature and SOC. Air temperature is one of the main sources of uncertainty 

because it affect soil temperature and all microbial activity in the soil are governed by 

soil temperature. Moreover, dSOC defines the available organic carbon in soil for 

microbes and consequently affects the decomposition rate which is another source of 

uncertainty (Lee et al., 2009).   
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3.4.6. Economic analysis 

The economic breakeven yield for non-irrigated camelina was estimated to be 

1446 kg/ha at the price of 0.44 $/kg (Stein et al., 2014) and breakeven yield for non-

irrigated winter wheat was estimated to be 3452 kg/ha at the price of 0.31 $/kg (Seavert 

et al., 2014). The total cost of producing non-irrigated winter wheat and camelina was 

estimated to be 1078 and 637 $/ha, respectively (Stein et al., 2014; Seavert et al., 2014). 

Therefore, locations with income less than 1715 $/ha/3years are not suitable for the 

winter wheat-fallow-camelina rotation system (Fig. 13). In non-irrigated lands which are 

the focus of this study, precipitation is a key factor in determining the yield and 

consequently income for the farmers. Additionally, based on DNDC model results, initial 

SOC can significantly affect the yield, therefore, locations with lower SOC had lower 

yields. Palmer et al. (2015) studied the effect of SOC on wheat yield and they too 

reported that the higher SOC increased the crop yield. On the other hand, for a given farm 

with a defined SOC and precipitation, camelina and winter wheat yields are not 

significantly different under NT and CT management scenarios and therefore have 

similar incomes (Fig. 13). Machado et al. (2015) studied the effect of tillage practices 

(No-tillage vs. conventional tillage) on grain yields in the PNW and reported that there 

was no significant difference between yields. However, tillage practices can affect the 

quality of grains (Park et al., 2016) and consequently the price of grains. Park et al. 

(2016) reported that winter wheat produced under NT had slightly reduced nutritional 

properties (e.g. protein, antioxidant content) compared with wheat under CT. Grain 

quality impacts were not considered in this study.  It is important to note that while the 

economics are not affected by the management practices under CT and NT scenarios, the 

environmental impacts are in general lower for NT scenario compared to CT scenario.  
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Fig. 3.13 Income for the three-year crop rotation under two scenarios 

 

3.5 Conclusions 
In this study, the effect of geographical factors on LCA of camelina biodiesel 

produced from camelina cultivated in a three-year crop rotation under two management 

scenarios was investigated.  The viable lands for camelina cultivation were selected based 

on rainfall and land use across Oregon State. Most of the viable regions were scattered 

over four counties including Umatilla, Morrow, Gilliam and Sherman, therefore, they 

were selected as the study area. Soil emissions were modeled using DNDC at a regional 

scale in the study area. The results showed that soil emissions varied across different 

locations due to geographical factors such as climate and soil characteristics. Two 

management scenarios encompassing no-tillage system and conventional tillage system 

were investigated, and the results showed that cropping system under the no-tillage 

system generated lower GHG emissions compared to the conventional tillage system. A 

14 cycles spin-up time in DNDC model simulations was sufficient to establish the SOC 

equilibrium compared to the 20 cycles recommended in the literature and resulted in 

reduced computation times. The GWP of camelina biodiesel varied between 39 to 84 kg 

CO2-eq./1000 MJ across different locations and scenarios. Nitrogen related emissions and 

nitrate leaching had the highest contribution in both acidification and eutrophication of 

camelina biodiesel. Therefore, variation in soil emissions caused by geographical factors 

can significantly affect these two environmental impact categories. The effect of 

transportation on overall GWP of camelina biodiesel was negligible (<5%) and 

transportation distances variations were not considered. Uncertainty analysis was carried 

out using Monte Carlo method, and the results indicated that there can be up to 23% 
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variation in soil emissions due to variation in air temperature and SOC. The break-even 

cost for a three-year crop rotation (winter wheat-fallow-camelina) was estimated to be 

1715 $/ha/3years; therefore, locations with income less than the break-even cost and high 

environmental impacts are not suitable for the winter wheat-fallow-camelina rotation 

system. All in all, by modeling the soil emissions in regional scale and incorporating 

them into LCA, our objective which was conducting regional LCA was achieved. Based 

on our results, we conclude that conducting regional LCA combined with economic 

analysis can help to better identify suitable land for producing energy crops which will be 

helpful for decision and policy makers.     

3.6 Acknowledgments 
This project was supported by the Formula Grant No. 2012-67009-19917 from the 

USDA National Institute of Food and Agriculture and USDA Hatch Multistate research 

project at Oregon State University. Authors would like to thank Dr. Don Wysocki for 

providing helpful information. 

3.7 References 
Aalde, H., et al. (2006) IPCC guidelines for national greenhouse gas inventories, vol 4: 

agriculture, forestry, and other land use, Chap. 2: generic methodologies applicable to 

multiple land-use.  Available at: http://www.ipcc-

nggip.iges.or.jp/public/2006gl/pdf/4_Volume4/V4_02_Ch2_Generic.pdf. (accessed 

05.03.2017). 

AgMRC, 2015. Agricultural marketing resource center. Available at:  

http://www.agmrc.org/commodities-products/grains-oilseeds/camelina (accessed 

05.03.2017). 

http://www.agmrc.org/commodities-products/grains-oilseeds/camelina


97 
 

 
 

Arbuckle, P., Kahn, E., Loneman, A., McCarthy, S., Tabatabaie, S.M.H., Murthy, G.S., 

2014. Unit process data collection for specialty crop production. In Proceedings of the 9th 

International Conference on Life Cycle Assessment in the Agri-Food Sector (LCA Food 

2014), San Francisco, California, USA. 

Bessou, C., Lehuger, S., Gabrielle, B., Mary, B., 2013. Using a crop model to account for 

the effects of local factors on the LCA of sugar beet ethanol in Picardy region, France. 

Int. J. Life Cycle Assess. 18, 24-36. 

Biswal, A., Choudhury, K.K., Venkat Raju, P., Sesha Sai, M.V.R., 2016. Regional 

application of process based biogeochemical model DNDC in Godavari Sub-basin. 

Comput. Ecol. Softw. 6, 139-149. 

Dangol, N., Shrestha, D.S., Duffield, J.A., 2015. Life Cycle Analysis and Production 

Potential of Camelina Biodiesel in the Pacific Northwest. Transactions of the ASABE 

58,465-475. 

Dietiker, D., Buchmann, N., Eugster, W., 2010. Testing the ability of the DNDC model to 

predict CO2 and water vapour fluxes of a Swiss cropland site. Agr. Ecosyst. Environ. 

139, 396-401. 

EPA, United States Environmental Protection Agency. Available at: http://www.epa.gov. 

(accessed 05.03.2017). 

Fisk, S.V., 2014. Growing camelina and safflower in the Pacific Northwest. American 

Society of Agronomy. Available at: https://www.agronomy.org/science-news/growing-

camelina-and-safflower-pacific-northwest. (accessed 05.03.2017) 

http://www.epa.gov/
https://www.agronomy.org/science-news/growing-camelina-and-safflower-pacific-northwest
https://www.agronomy.org/science-news/growing-camelina-and-safflower-pacific-northwest


98 
 

 
 

Fumoto, T., Kobayashi, K., Li, C., Yagi, K., Hasegawa, T., 2008. Revising a process‐

based biogeochemistry model (DNDC) to simulate methane emission from rice paddy 

fields under various residue management and fertilizer regimes. Glob. Change Biol. 14, 

382-402. 

Gilhespy, S.L., Anthony, S., Cardenas, L., Chadwick, D., del Prado, A., Li, C., 

Misselbrook, T., Rees, R.M., Salas, W., Sanz-Cobena, A., Smith, P., 2014. First 20 years 

of DNDC (DeNitrification DeComposition): model evolution. Ecol. Model. 292, 51-62.   

Goglio, P., Smith, W.N., Grant, B.B., Desjardins, R.L., McConkey, B.G., Campbell, 

C.A., Nemecek, T., 2015. Accounting for soil carbon changes in agricultural life cycle 

assessment (LCA): a review. J. Clean Prod. 104, 23-39. 

GREET, 2015. The Greenhouse Gases, Regulated Emissions, and Energy Use in 

Transportation Model. Available at: https://greet.es.anl.gov/. (accessed 05.03.2017) 

Guy, S.O., Wysocki, D.J., Schillinger, W.F., Chastain, T.G., Karow, R.S., Garland-

Campbell, K., Burke, I.C., 2014. Camelina: Adaptation and performance of genotypes. 

Field Crop Res. 155, 224-232. 

Hastings, A.F., Wattenbach, M., Eugster, W., Li, C., Buchmann, N., Smith, P., 2010. 

Uncertainty propagation in soil greenhouse gas emission models: an experiment using the 

DNDC model and at the Oensingen cropland site. Agr. Ecosyst. Environ. 136, 97-110. 

Hergert, G. W., J. Margheim, J., Pavlista, A., Lyon, D., Hazen, A., Martin, D., Supalla, 

R., Thompson, C., 2011. Yields and ET of deficit to fully irrigated canola and camelina. 

In Proc. 23rd Ann. Central Plains Irrigation Conf. (pp. 190-198). Colby, Kans.: Central 

Plains Irrigation Association. 



99 
 

 
 

Hermle, S., Anken, T., Leifeld, J., Weisskopf, P., 2008. The effect of the tillage system 

on soil organic carbon content under moist, cold-temperate conditions. Soil Till. Res. 98, 

94-105. 

ISO 14040, 2006. Environmental management- Life cycle assessment- Principles and 

framework. International Standards Organization. 

Javadnejad, F., Waldron, B. and Hill, A., 2017. LITE Flood: Simple GIS-Based Mapping 

Approach for Real-Time Redelineation of Multifrequency Floods. Nat. Hazards Rev. 

18(3), p.04017004. 

Khanali, M., Farahani, S.S., Shojaei, H., Elhami, B., 2017. Life cycle environmental 

impacts of saffron production in Iran. Environ. Sci. Pollut. R. 24, 4812–4821. 

Kiluk, K.M., 2014. Impact of conservation tillage on soil organic carbon storage in 

Washtenaw County, MI. Bachelor of science thesis, University of Michigan. 

Kim, S., Dale, B.E., 2009. Regional variations in greenhouse gas emissions of biobased 

products in the United States—corn-based ethanol and soybean oil. Int. J. Life Cycle 

Assess. 14, 540-546. 

Kirchmann, H., Johnston, A.J., Bergström, L.F., 2002. Possibilities for reducing nitrate 

leaching from agricultural land. AMBIO: A Journal of the Human Environment 31, 404-

408.  

Krohn, B.J., Fripp, M., 2012. A life cycle assessment of biodiesel derived from the “niche 

filling” energy crop camelina in the USA. Appl. energy 92, 92-98. 



100 
 

 
 

Kumar, D., Murthy, G.S., 2012. Life cycle assessment of energy and GHG emissions 

during ethanol production from grass straws using various pretreatment processes. Int. J. 

Life Cycle Assess. 17, 388-401. 

Lamb, J.A., Fernandez, F.G., Kaiser, D.E., 2014. Understanding nitrogen in soils. 

University of Minnesota Extension. AG‐FO‐3770‐B.  

Lee, J., Hopmans, J.W., van Kessel, C., King, A.P., Evatt, K.J., Louie, D., Rolston, D.E., 

Six, J., 2009. Tillage and seasonal emissions of CO2, N2O and NO across a seed bed and 

at the field scale in a Mediterranean climate. Agric. Ecosys.t Environ. 129, 378–390 

Li, C., Frolking, S., Frolking, T., 1992. A model of nitrous oxide evolution from soil 

driven by rainfall events: model structure and sensitivity. J. Geophys. Res. 97, 9759-

9776. 

Li, C., Frolking, S., Harriss, R., 1994. Modeling carbon biogeochemistry in agricultural 

soils. Global biogeochem. Cy. 8, 237-254. 

Li, C., Frolking, S., Xiao, X., Moore, B., Boles, S., Qiu, J., Huang, Y., Salas, W., Sass, R., 

2005. Modeling impacts of farming management alternatives on CO2, CH4, and N2O 

emissions: A case study for water management of rice agriculture of China. Global 

Biogeochem. Cy. 19(3), doi:10.1029/2004GB002341. 

Machado, S., 2011. Soil organic carbon dynamics in the Pendleton long-term 

experiments: Implications for biofuel production in Pacific Northwest. Agron. J. 103, 

253-260. 



101 
 

 
 

Machado, S., Pritchett, L., Petrie, S., 2015. No-tillage cropping systems can replace 

traditional summer fallow in north-central Oregon. Agron. J. 107, 1863-1877. 

Mangalassery, S., Sjögersten, S., Sparkes, D.L., Sturrock, C.J., Craigon, J., Mooney, S.J., 

2014. To what extent can zero tillage lead to a reduction in greenhouse gas emissions 

from temperate soils?. Scientific reports 4, 4586. 

Marland, G., West, T.O., Schlamadinger, B., Canella, L., 2003. Managing soil organic 

carbon in agriculture: the net effect on greenhouse gas emissions. Tellus B 55, 613-621. 

Maung, T.A., Gustafson, C.R., Saxowsky, D.M., Nowatzki, J., Miljkovic, T., Ripplinger, 

D., 2013. The logistics of supplying single vs. multi-crop cellulosic feedstocks to a 

biorefinery in southeast North Dakota. Applied energy 109, 229-238. 

McAloon, A., Taylor, F., Yee, W., Ibsen, K., Wooley, R., 2000. Determining the cost of 

producing ethanol from corn starch and lignocellulosic feedstocks. National Renewable 

Energy Laboratory Report. 

McVay, K.A., Lamb, P.F., 2008. Camelina production in Montana. Montana State 

University Extension Service. Available at: 

http://msuextension.org/publications/AgandNaturalResources/MT200701AG.pdf. 

(accessed 05.03.2017) 

Miller, P., Kumar, A., 2013. Development of emission parameters and net energy ratio 

for renewable diesel from Canola and Camelina. Energy 58, 426-437. 

Mirkouei, A., Haapala, K.R., 2015. A network model to optimize upstream and 

midstream biomass-to-bioenergy supply chain costs. In ASME 2015 International 

http://msuextension.org/publications/AgandNaturalResources/MT200701AG.pdf


102 
 

 
 

Manufacturing Science and Engineering Conference. American Society of Mechanical 

Engineers. 

Mirkouei, A., Mirzaie, P., Haapala, K.R., Sessions, J., Murthy, G.S., 2016. Reducing the 

cost and environmental impact of integrated fixed and mobile bio-oil refinery supply 

chains. J. Clean. Prod. 113, 495-507. 

Moser, B.R., 2010. Camelina (Camelina sativa L.) oil as a biofuels feedstock: golden 

opportunity or false hope? Lipid Tech. 22, 270–273. 

Mulligan, D., 2005. Linking DNDC to CAPRI. European Commission Joint Research 

Center. Available at: http://www.ilr.uni-bonn.de/agpo/rsrch/dynaspat/pap05-01.pdf. 

(accessed 05.03.2017) 

Muñoz, I., Flury, K., Jungbluth, N., Rigarlsford, G., i Canals, L.M., King, H., 2014. Life 

cycle assessment of bio-based ethanol produced from different agricultural feedstocks. Int. 

J. Life Cycle Assess. 19, 109-119. 

NCEI, 2016. National Center for Environmental Information. Available at: 

https://www.ncei.noaa.gov/. (accessed 05.03.2017) 

openLCA, 2016.  Available at: http://www.openlca.org/. (accessed 05.03.2017) 

Painter, K., 2011. Camelina: Cost and returns estimates for Idaho. Moscow, Idaho: 

University of Idaho Extension. 

Palmer, J., Thorburn, P., Biggs, J., Probert, M., Huth, N., Larsen, J., 2015. Quantifying 

the effect of soil organic carbon on wheat yield: a simulation study. Proceedings of the 

17th ASA Conference, Hobart, Australia. 

http://www.ilr.uni-bonn.de/agpo/rsrch/dynaspat/pap05-01.pdf
https://www.ncei.noaa.gov/


103 
 

 
 

Park, E.Y., Baik, B.K., Machado, S., Gollany, H.T., Fuerst, E.P., 2015. Functional and 

nutritional characteristics of soft wheat grown in no-till and conventional cropping 

systems. Cereal Chem. 92, 332-338. 

Perlman, J., Hijmans, R.J., Horwath, W.R., 2013. Modelling agricultural nitrous oxide 

emissions for large regions. Environ. Modell. Softw. 48, 183-192. 

Powlson, D.S., 1993. Understanding the soil nitrogen cycle. Soil Use Manage. 9, 86-93. 

Pradhan, A., Shrestha, D.S., McAloon, A., Yee, W., Haas, M., Duffield, J.A., Shapouri, 

H., 2009. Energy life-cycle assessment of soybean biodiesel. Agricultural Economic 

Report Number 845 

http://www.usda.gov/oce/reports/energy/ELCAofSoybeanBiodiesel91409.pdf. (accessed 

05.03.2017)  

Pribyl, D.W., 2010. A critical review of the conventional SOC to SOM conversion factor. 

Geoderma 156, 75-83. 

Rajaeifar, M.A., Akram, A., Rafiee, S., Tabatabaie, S.M.H., 2013. The effects of olive 

grove ages on energy consumption in olive production. Intl. J. Agron. Plant. Prod. 4, 

1962-1968. 

Regina, K., Alakukku, L., 2010. Greenhouse gas fluxes in varying soils types under 

conventional and no-tillage practices. Soil Tillage Res. 109, 144-152. 

Richards, M., Pogson, M., Dondini, M., Jones, E.O., Hastings, A., Henner, D.N., Tallis, 

M.J., Casella, E., Matthews, R.W., Henshall, P.A., Milner, S., 2017. High‐resolution 

http://www.usda.gov/oce/reports/energy/ELCAofSoybeanBiodiesel91409.pdf


104 
 

 
 

spatial modelling of greenhouse gas emissions from land‐use change to energy crops in 

the United Kingdom. GCB Bioenergy 9, 627-644. 

Ryberg, M., Vieira, M.D., Zgola, M., Bare, J., Rosenbaum, R.K., 2014. Updated US and 

Canadian normalization factors for TRACI 2.1. Clean Technol. Environ. 16, 329-339. 

Seavert, C., Petrie, S., Macnab, S., 2012. Enterprise budget, wheat (winter) following 

fallow. Oregon State University Extension Service. http://arec.oregonstate.edu/oaeb/. 

(accessed 05.03.2017) 

 Shen, W., Han, W., Chock, D., Chai, Q., Zhang, A., 2012. Well-to-wheels life-cycle 

analysis of alternative fuels and vehicle technologies in China. Energy Policy 49, 296-

307. 

Sintim, H.Y., Zheljazkov, V.D., Obour, A.K., y Garcia, A.G., Foulke, T.K., 2015. 

Influence of nitrogen and sulfur application on camelina performance under dryland 

conditions. Ind. Crop. Prod. 70, 253-259. 

Six, J., Ogle, S.M., Breidt, F.J., Conant, R.T., Mosier, A.R., Paustian, K., 2004. The 

potential to mitigate global warming with no-tillage management is only realized when 

practiced in the long term. Global Change Biol. 10, 155-160. 

Soil Survey Staff, 2016. The Gridded Soil Survey Geographic (gSSURGO) Database for 

Oregon. United States Department of Agriculture, Natural Resources Conservation 

Service. Available at: https://gdg.sc.egov.usda.gov/. (accessed 05.03.2017) 

http://arec.oregonstate.edu/oaeb/
https://gdg.sc.egov.usda.gov/


105 
 

 
 

Stein, L., Seavert, C., Macnab, S., Petrie, S., 2014. Enterprise budget, camelina (spring) 

following winter wheat. Oregon State University Extension Service. 

http://arec.oregonstate.edu/oaeb/. (accessed 05.03.2017)   

Sultana, A., Kumar, A., 2011. Development of energy and emission parameters for 

densified form of lignocellulosic biomass. Energy 36, 2716-2732. 

Syp, A., Faber, A., Kozak, M., 2016. Assessment of N2O emissions from rapeseed 

cultivation in Poland by various approaches. Int. Agrophys. 30, 501-507. 

Tabatabaie, S.M.H., Murthy, G.S., 2017. Effect of geographical location and stochastic 

weather variation on life cycle assessment of biodiesel production from camelina in the 

northwestern USA. Int. J. Life Cycle Assess. 22, 867-882. 

Tabatabaie, S.M.H., Murthy, G.S., 2016. Cradle to farm gate life cycle assessment of 

strawberry production in the United States. J. Clean. Prod. 127, 548-554. 

Tabatabaie, S.M.H., Rafiee, S., Keyhani, A., Ebrahimi, A., 2013. Energy and economic 

assessment of prune production in Tehran province of Iran. J. Clean. Prod. 39, 280-284. 

Tabatabaie, S.M.H., Rafiee, S., Keyhani, A., 2012. Energy consumption flow and 

econometric models of two plum cultivars productions in Tehran province of Iran. Energy 

44, 211-216. 

Ukaew, S., Beck, E., Archer, D.W., Shonnard, D.R., 2015. Estimation of soil carbon 

change from rotation cropping of rapeseed with wheat in the hydrotreated renewable jet 

life cycle. Int. J. Life Cycle Assess. 20, 608-622. 

http://arec.oregonstate.edu/oaeb/


106 
 

 
 

USDA NRCS, 2011. NRCS Conservation Practice Standard - Residue and Tillage 

Management, No Till/Strip Till/Direct Seed Code 329. National Handbook of 

Conservation Practices. The US Department of Agriculture, Natural Resources 

Conservation Service. 

Ussiri, D. A., Lal, R., 2009. Long-term tillage effects on soil carbon storage and carbon 

dioxide emissions in continuous corn cropping system from an alfisol in Ohio. Soil Till. 

Res. 104, 39-47. 

Uzoma, K.C., Smith, W., Grant, B., Desjardins, R.L., Gao, X., Hanis, K., Tenuta, M., 

Goglio, P., Li, C., 2015. Assessing the effects of agricultural management on nitrous oxide 

emissions using flux measurements and the DNDC model. Agr. Ecosyst. Environ. 206, 71-

83.  

Vimmerstedt, L.J., Bush, B., Peterson, S., 2012. Ethanol distribution, dispensing, and use: 

analysis of a portion of the biomass-to-biofuels supply chain using system dynamics. PloS 

one 7, p.e35082. 

Wang, M., Huo, H., Arora, S., 2011. Methods of dealing with co-products of biofuels in 

life-cycle analysis and consequent results within the US context. Energy Policy 39, 5726-

5736. 

Wang, L., Qiu, J., Tang, H., Li, H., Li, C., Van Ranst, E., 2008. Modelling soil organic 

carbon dynamics in the major agricultural regions of China. Geoderma, 147, 47-55. 

Wernet, G., Bauer, C., Steubing, B., Reinhard, J., Moreno-Ruiz, E., and Weidema, B., 

2016. The ecoinvent database version 3 (part I): overview and methodology. The 



107 
 

 
 

International Journal of Life Cycle Assessment, [online] 21(9), pp.1218–1230. Available 

at: http://link.springer.com/10.1007/s11367-016-1087-8. (accessed 05.03.2017)   

World Bank, 2012. Economic and Sector Work. Carbon Sequestration in Agricultural Soils 

(No. 67395-GLB). The World Bank, Washington DC, USA 

Wysocki, D.J., Chastain, T.G., Schillinger, W.F., Guy, S.O. and Karow, R.S., 2013. 

Camelina: seed yield response to applied nitrogen and sulfur. Field Crop Res. 145, 60-66. 

Zhao, Q., Brocks, S., Lenz-Wiedemann, V.I.S., Miao, Y., Bareth, G., 2015. Regional 

application of the site-specific biochemical process-based crop model DNDC for rice in 

NE-China. Annual Meeting of the German Society for Photogrammetry, Remote Sensing 

and Geoinformation (35. Wissenschaftlich-Technische Jahrestagung der DGPF), Cologne, 

Germany. 

Zhexuan, L.I.U., Tong, Q.I.U., Bingzhen, C.H.E.N., 2014. A LCA based biofuel supply 

chain analysis framework. Chinese J. Chem. Eng. 22, 669-681. 

 

 

 

 

 

 

 

 

 

 

 

http://link.springer.com/10.1007/s11367-016-1087-8


108 
 

 
 

 

 

CHAPTER 4 

 

 

 

Integration of biogeochemical model with life cycle and economic 

assessment of energy crops 

 

 

4.1 Abstract 
The goal of this study was to integrate a crop model, DNDC (DeNitrification-

DeComposition), with life cycle assessment (LCA) model using a GIS-based integrated 

platform, ENVISION. The integrated model helps LCA practitioners to conduct LCA in 

large regions while capturing the variability of soil emissions due to variation in regional 

factors during producing crops or biofuel feedstocks. In order to evaluate the integrated 

model, the corn-soybean cropping system in Eagle Creek Watershed, Indiana was studied 

and our integrated model was used to first model the soil emissions and then calculate the 

LCA as well as economic parameters based on the model results. The results showed that 

within one location, the variation in soil emissions due to variation in weather is high. 

Weather variability caused some locations to be carbon sink in some years and source of 

CO2 in other years. In order to test the model under different scenarios, two tillage 

scenarios were defined: 1) conventional tillage (CT) and 2) no tillage (NT) and analyzed 

wit hthe model. The overall GHG emisions for the corn-soybean cropping system was 

simulated and results showed that the NT scenario resulted in lower soil GHG emisions 
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compared to CT scenario. Moreover, global warming potential (GWP) of corn ethanol 

from well to wheel varried between 57 and 92 g CO2-eq./MJ while GWP under the NT 

system was lower than that of the CT system. The cost break-even point was calculated 

as $3612.5 for each hectare of the 2 year corn-soybean cropping system and the results 

showed that under low and medium prices for corn and soybean most of the farms did not 

meet the break-even point.     

 

4.2 Introduction 
Global temperature rose 0.6 °C during the 20th century and global temperature is 

estimated to increase 2-6 °C during the 21st century (IPCC, 2001; IPCC, 2007). 

Emissions of greenhouse gases (GHGs) derived from agriculture and other anthropogenic 

activities have been specified as one the main reasons for rising global temperature 

(Greenhouse Gas Working Group, 2016). Approximately 6% of all GHG emissions 

generated in the United States (U.S.) come from agricultural activities (EPA, 2010). 

These gases are in the form of carbon dioxide (CO2), nitrous oxide (N2O), and methane 

(CH4). The agriculture sector could reduce GHG footprint by applying appropriate 

management practices; thus, agricultural fields can both sequester carbon and reduce 

CO2, CH4, and N2O emissions (Greenhouse Gas Working Group, 2016; Pieragostini et 

al., 2014). Besides environmental impacts of agriculture sector, it is the major component 

of solving food crisis across the world; therefore, agricultural productivity is a critical 

factor and should be increased using proper management practices. 

In order to identify proper management practices in agriculture, the basic 

interactions of the soil-plant-atmosphere system should be understood and the importance 
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and effect of certain parameters such as tillage, fertilizer application rate ant etc. should 

be estimated (Dourado-Neto et al., 1998). Modeling is an essential tool in agricultural 

systems science and is necessary for understanding and estimating overall agro-

ecosystem performance (Jones et al., 2016). 

Various agroecosystem models have been proposed by different studies and can 

be categorized in four general groups including: 1) agronomy, 2) climatology, 3) 

environmental and 4) environmental-agronomy models. Agronomy models focus on 

phenology of crops and are used to assess the efficient management for achieving higher 

crop yields. They usually do not consider the soil biogeochemistry and do not simulate 

soil emissions (Zhang et al., 2002). An example of these models is DSSAT (Jones et al., 

2003). DSSAT has been in use for more than 20 years by researchers across the world. 

The model requires three sets of data encompassing crop, soil and meteorological data to 

simulate multi-year outcomes of crop management strategies (Hoogenboom et al., 2015). 

Another example of these models is the ALMANAC Simulation Model developed by the 

United States Department of Agriculture - Agricultural Research Service (USDA-ARS) 

and the Mexican National Institute of Agricultural, Forestry and Livestock Research 

(INIFAP). The ALMANAC model simulates crop growth, competition, light interception 

by leaves, biomass accumulation, partitioning of biomass into grain, water use, nutrient 

uptake, and growth constraints such as water, temperature, and nutrient stress (Baez-

Gonzalez et al., 2016). Climatology models mimic the interaction between different 

climate drivers such as impact of land surface (soil and vegetation) on the atmosphere, in 

order to assess the dynamics of the climate system and forecast future weather data. 

Physical processes of land surface (e.g. radiation, evapotranspiration) are captured by 
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these models (Zhang et al., 2002). Environmental models focus on nutrient and element 

dynamics in the soil in order to simulate different soil processes such as nitrification, 

denitrification and decomposition.  

Finally, environmental-agronomy models combine the environmental and 

agronomy models to simulate crop growth processes as well as soil biogeochemistry. 

DNDC (Li et al., 1992) and CropSyst (Stockle, 1996) are among many examples of 

environmental-agronomy models. Environmental-agronomy simulation models have 

been used at various scales from individual farms to regional scale to assess the 

interactions between crop, soil, atmosphere and human activities (management practices) 

using highly mechanistic to purely empirical approaches (Kucharik, 2003; Fumoto et al., 

2008). Process-based models characterize the interactions of crop, soil and atmosphere 

and can be used as mechanism of understanding, estimating, predicting, and policy 

making (Zhang et al., 2002).  

The DNDC (DeNitrification DeComposition) model was developed by Li et al. 

(1992) as a rain event-driven process-oriented simulation model to estimate N2O, CO2 

and N2 emissions from agricultural soils in the U.S. The model consists of three major 

submodels: soil climate, crop growth, and soil biogeochemistry. The soil climate 

submodel calculates moisture, temperature, and O2 concentration in the soil based on soil 

characteristics and climate data. The crop growth submodel simulates crop phenological 

development, leaf area index (LAI), photosynthesis, respiration, assimilate allocation, 

rooting processes and nitrogen uptake based on the environment above and below the 

ground and on nitrogen (N) availability. The soil biogeochemistry submodel predicts 

decomposition, nitrification, denitrification, fermentation and trace gas emissions based 
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on soil characteristics and climate data. These three submodels are interlinked such that 

results from the crop growth submodel is fed back into the soil climate submodel through 

water uptake, and is linked to the soil biogeochemistry submodel through N uptake and 

the supply of organic C by plants. Moreover, results from soil biogeochemistry is fed 

back into crop growth through its effects on N availability (Fumoto et al., 2008; Zhang et 

al., 2002). The original DNDC model, used by numerous researchers worldwide, has 

been modified and adapted to include different scenarios and other ecosystems (e.g. 

forests-DNDC, wetlands-DNDC, manure-DNDC) (Gilhespy et al., 2014). Several 

researchers have tried to evaluate the accuracy of the DNDC model in modeling the soil 

emissions across the world. For instance, Smith et al. (2008) employed the DNDC model 

for a single maize cropping system in Quebec and a wheat-maize-soybean rotation in 

Ontario and reported that DNDC could effectively model the overall seasonal N2O 

emissions in both cases. In another effort, Sleutel et al. (2006) used the DNDC model to 

simulate the changes in soil organic carbon (dSOC) in northern Belgium and compared 

the DNDC results with a data set of 190,000 measurements carried out from 1989 to 

2000. They concluded that DNDC was generally effective in estimating dSOC across the 

region, although accuracy varied based on soil type. 

The DNDC can be run in both site and regional and in order to simulate the soil 

emissions as well as crop growth in a large region, the DNDC region mode can be used. 

Before running the DNDC in region mode, the input data should be compiled in a 

database for the target region. The spatially differentiated information of location, 

climate, soil characteristics, crop information and farming management practices should 

be prepared in several Geographic Information System (GIS) files plus a climate library 
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for each polygon or grid cell for the entire target region (DNDC, 2012). The shortcoming 

of the regional mode is that it cannot handle multi-year cropping systems (e.g. winter 

wheat-fallow-camelina). Additionally, regional mode is less flexible meaning that 

detailed management practices cannot be input to model. Therefore, site mode is a 

preferable option if we want to increase the accuracy of the model prediction. 

Furthermore, calibrating the model in regional mode is much harder and one study has 

shown that there was discrepancy between the DNDC in site mode and in regional mode 

(Perlman et al., 2013). In order to overcome this issue, the DNDC batch mode can be 

used such that a series of input files should be generated for each polygons of grid cell 

and run in batch mode. In this study, we utilized a novel method which makes the use of 

DNDC in regional scale easier, more straight forward, less time consuming and provides 

the capability to run DNDC for the multi-year cropping system in regional scale. We also 

calculate the environmental and economic impacts of crop production. 

4.3 Materials and methods  
The main goal of this study was to integrate the crop modeling with life cycle 

assessment (LCA) and economic analysis on a platform which enables regional scale 

analysis. In order to integrate crop modeling with LCA and economic analysis we used 

ENVISION as a platform to conduct the integration. ENVISION (ENVISION, 2017) is a 

GIS-based tool for scenario-based community and regional integrated planning and 

environmental assessments. It provides a robust platform for integrating a variety of 

spatially explicit models of landscape change processes. ENVISION is an open-source 

software which is adaptable to variety of geographic locations and application domains. It 

supports custom plug-ins which can be used for specific modeling needs. It has been 
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developed by Bolte et al. (2007) at Oregon State University and used for numerous case 

studies in which the interactions of agroecosystem with human activities have been 

assessed.  

DNDC is a mechanistic biogeochemistry model that simulates crop growth and 

soil C and N dynamics in agro-ecosystems based on input data on soil properties, 

weather, and farming practices (Li et al. 1992; Fumoto et al. 2008) (Fig. 4.1). In order to 

run DNDC, first the location of the target field should be defined using latitude and 

longitude. Then the climate file should be prepared, the minimum requirement for climate 

file is daily minimum and maximum temperature as well as precipitation. The user can 

add other factors such as solar radiation and humidity to increase the accuracy of the 

model. Other parameters such as atmospheric concentration of CO2 and NH3 as well as 

nitrogen concentration in rainfall should be defined. For this study, the EPA Clean Air 

Status and Trends Network (CASTNET, 2017) was used to provide these data. Soil 

properties including soil organic carbon (SOC), bulk density, clay content, soil texture, 

soil pH are also required by DNDC. The DNDC soil library calculates some parameters 

such as porosity, field capacity and initial N concentration based on soil texture and SOC. 

Other parameters which should be defined include salinity and microbial activity index. 

Soil properties data for this study were extracted from the Web Soil Survey (Web soil 

Survey, 2017). DNDC has a library for crop parameters (e.g. biomass fraction, biomass 

C/N ratio) which can be used for modeling; however, the user can change these 

parameters to fit the target crop. The last set of required data are management practices 

including planting date, harvest date, fertilization, crop residue management, tillage, 

irrigation, etc. These data can be found in the literature and crop enterprise budgets. 
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Numerous studies have used DNDC to model soil emissions and crop growth and 

demonstrated that DNDC could be used with confidence to estimate crop yield soil 

emissions (Li et al. 2012; Dietiker et al. 2010; Hastings et al. 2010; Leip et al. 2008). The 

DNDC also has been used by LCA studies to account for change in SOC and N2O 

emissions (Tabatabaie and Murthy, 2017; Goglio et al., 2014).
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Fig. 4.1 Process model of DNDC
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ENVISION requires a number of input files including project file, IDU (Independent 

Decision Units) shape file and plug-in modules. The project file is an XML file which specifies 

various settings, policies, actor definitions, land use/land cover descriptors, and plug-in model and 

process descriptors. The IDU shape file is a polygon map which conforms to ESRI’s Shape File 

specification and contains necessary attributes specific for each polygon. Finally, the plug-in 

modules used for a specific application. In this study, the IDU shape file was prepared based on 

soil data for the regions analyzed from USDA-NRCS Soil Survey (2016) as the Gridded Soil 

Survey Geographic (gSSURGO) Database. gSSURGO database was released on January 20, 2016, 

and are available in both state-wide tiles and the Conterminous U.S. (CONUS) at a resolution of 

10 meters in the format of an Environmental Systems Research Institute, Inc. (ESRI®) file 

geodatabase. The file geodatabase contains vector-based SSURGO digital map data and tabular 

data. In all the maps each polygon (cell) is liked to a map unit identifier called the map unit key 

(Soil Survey Staff, 2016). Each map unit key has a unique set of soil properties data. The DNDC 

was used as a plug-in module in this study (Fig. 4.2).          

The DNDC source code was essential for this integration and the source code was provided 

by Applied GeoSolutions. Weather data were prepared in a format readable by DNDC; soil data 

was incorporated into the IDU map. Management practices data were prepared as XML files which 

can be modified by the user.
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Fig. 4.2 ENVISION-DNDC model
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In order to evaluate the integrated model, the corn-soybean cropping system in 

Eagle Creek Watershed (ECW) (Fig. 4.3), Indiana was studied and our integrated model 

was used to first model the soil emissions and then calculate the LCA as well as 

economic parameters based on the model results. The watershed is located across four 

counties including Marion, Hamilton, Hendricks and Boone. We chose this region to 

assess the model on conventional corn-soybean cropping systems in the Midwest. 

Besides, numerous observations are available in this region which were useful for 

calibration of the model. The required data were partly taken from Piemonti et al. (2013) 

and partly acquired based on above-mentioned instructions. The land use map (USDA-

NRCS, 2016) was used to determine regions with corn-soybean cropping system. The 

soil property maps needed for DNDC were obtained from SSURGO Database (Web Soil 

Survey, 2017) (Fig. 4.4).  
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Fig. 4.3 Land use map of ECW 
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Fig. 4.4 Soil property maps of ECW 

SSURGO Database provides the soil organic matter (SOM) for each map unit key 

and in order to calculate the SOC, the ratio of SOC to SOM was assumed to be 0.58 

(Pribyl, 2010). Soil porosity was calculated as follows (Brimhall and Dietrich, 1987; 

Zhao et al., 2015):  

Porosity = 1 −
𝐵𝐷

𝜌𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒
                                                                                                  (1) 

where BD is bulk density and ρparticle was assumed to be 2.56 g/cm3. 
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Daily weather data in the form of maximum and minimum temperatures and 

precipitation from 1996-2016 were obtained from National Climatic Data Center (NCDC, 

2017). Management practices were obtained from Piemonti et al. (2013) and can be seen 

in Table 4.1. 

Table 4.1 Management practices for corn-soybean cropping system 

 Operation Type Amount 

(kg/ha) 

Date 

Corn Pesticides 

application 

Atrazine 1.12 April 23 

 Planting   May 11 

 Fertilization Urea 170 May13 

 Tillage Fall plowing  September 3 

 Harvest   September 2 

Soybean Pesticides 

application 

Atrazine 1.12 April 23 

 Planting   May 11 

 Tillage Fall plowing  September 3 

 Harvest   September 2 

 

The economic data including variable and fixed costs of crop production as well 

as crop prices were obtained from enterprise budget sheets for the state of Indiana 

generated by Purdue University Extension service (2016).  
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In order to conduct attributional LCA for corn ethanol and soybean biodiesel 

production, the system boundaries were drawn and the functional unit for both biodiesel 

and bioethanol was selected as 1 MJ. Data regarding corn ethanol and soybean biodiesel 

production processes were obtained from GREET (2016) database. The ENVISION-

DNDC model also was implemented with GREET database such that the soil emissions 

from farm stage in conjunction with GREET database were used to conduct the LCA of 

biofuel production. Since in the process of corn ethanol and soybean biodiesel production 

some co-products such as distiller's dried grains with solubles (DDGS), soybean meal, 

glycerin and etc. were produced, a method should be used to allocate some part of LCA 

to these co-products. In the process of corn ethanol production, displacement method was 

used (Arora et al., 2008) and in the process of soybean biodiesel production, the mass 

allocation method was employed (United Soybean Board, 2010). Corn ethanol and 

soybean biodiesel production processes contain several processes including raw material 

extraction, inputs production, energy sources production and etc. included in the system 

boundary (Fig. 4.5). In this study, the predominant ethanol production technology, dry 

grind ethanol process, was used in the bio-refinery process. In this process, after washing 

the corn it is milled and sent to the liquefaction unit in which the corn mash is 

enzymatically hydrolyzed to achieve fermentable sugars. Then the slurry goes through 

the fermentation unit in which the yeast is added. Ethanol and carbon dioxide are the 

main products of fermentation, ethanol is separated and the residuals, i.e. wet cake and 

syrup are processed to produce Distiller's dried grains with solubles (DDGS) which is 

used as animal feed (Pieragostini et al., 2014). In the process of soybean biodiesel 

production, soybean seeds are crushed and pressed to release the oil and after solvent 
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extraction of oil, a transesterification process produces methyl esters which are used as 

biodiesel fuel (Pradhan et al., 2011).   
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Fig. 4.5 System boundaries of corn ethanol and soybean biodiesel production 
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4.4 Results and discussion 

4.4.1 Model integration 

Our integrated model runs DNDC in the site mode for each field or polygon 

specified by the user (Fig. 4.6). When the user provide the IDU coverage, the model 

aggregates polygons with the same soil type and runs DNDC on the aggregate, saving the 

computing time. Several studies have suggested running DNDC for a 10 to 20 years spin 

up time, so the soil SOC reaches a near-steady state (Tabatabaie and Murthy, 2017; 

Perlman et al., 2013). Detailed instruction of defining the period to achieve soil SOC 

near-steady state has been provided by Tabatabaie and Murthy (2017). The ENVISION-

DNDC model estimates soil emissions and crop yields. Additionally, the model conducts 

LCA and economic analysis. All the results are written on the IDU coverage so the user 

can see the results for each polygon or field. ENVISION has the capability to show the 

results in tabular mode as well as in map form. It also provide useful graphs which 

enables the user to visualize the results. This is one of the advantages of our integrated 

model because it saves time and reduce the complexity of the process. Without the 

integrated model, we should first implement the DNDC with the appropriate data, run the 

DNDC, get the results and analyze those results using a LCA software. Economic 

analysis requires a similar process. Unavailability of integrated models could have been 

one of the reasons why most LCA studies do not use crop or soil models to estimate yield 

and soil emissions. However, with the integrated model, all these analyses are conducted 

automatically within the integrated system. The integrated model helps LCA practitioners 

to easily model the crop yield and soil emissions in large regions and reduce the 

uncertainty of their LCA results using well-calibrated crop model.       
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DNDC model needs calibration to increase the accuracy of crop yield and soil 

emissions estimation. Although calibrating the model in large regions is not practical, the 

average emissions and yields can be calibrated to state-level or county-level observations. 

One method of calibrating the DNDC focuses on the crop growth model which has a 

strong effect on modeled emissions (Climate Action Reserve, 2011). Calibrating the 

yield, generally results in improved accuracy of estimated emissions. The state- and 

county-level crop yields can be obtained from the United States Department of 

Agriculture (USDA) website. In the DNDC model, parameters controlling yields include: 

maximum grain yield, biomass fraction (leaf, stem, root, grain), biomass C/N ratio, water 

requirement and accumulative temperature. Perlman et al. (2013) suggested that 

accurately representing management data can increase the accuracy of modelled 

emissions.   
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Fig. 4.6 ENVISION-DNDCD model flowchart
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4.4.2 ENVISION-DNDC model evaluation 

In order to investigate the effect of long term weather variability on soil emissions 

of corn-soybean cropping system, 21 years of weather data (1996-2016) were prepared 

and used to model the soil emissions using the ENVISION-DNDC model; results are 

shown in Fig. 4.7. It can be seen that within one location, the variation in soil emissions 

due to variation in weather is high; weather variability caused some locations to be 

carbon sink in some years and source of CO2 in other years (Table 4.2). It can be seen 

from Table 2 that in years 2006 and 2016 there are positive dSOCs, which means CO2 

emissions from soil, while in years 1996 and 2013 there is carbon sequestration in all 

locations. The main drivers of soil GHGs emissions are microbial activity, root 

respiration, chemical decay processes, and heterotrophic respiration of soil fauna and 

fungi (Chapuis-Lardy et al., 2007). The microbial activity and related processes are 

governed by soil moisture such that high soil moisture content would result in higher 

emissions of N2O and CH4 as the CH4 and N2O producing bacteria require anaerobic 

conditions (Oertel et al., 2016). Moreover, soils with high moisture content can increase 

the organic matter decomposition rate and consequently increase the CO2 emissions 

(Paustian et al., 2000). Soil temperature is associated with air temperature and is an 

important factor in defining the variations of trace gas emissions from soils. As the soil 

temperature increases, microbial metabolism goes up which leads to higher soil 

respiration rates and subsequently an increase in the soil emissions will be observed 

(Oertel et al., 2016). Examining weather data in those years revealed that years 2006 and 

2016 are among the hottest years while years 1996 and 2013 are among coolest years; 

2006 is the wettest year among all years examined.     
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Table 4.2 Effect of weather variation on dSOC across different location in ECW 

 dSOC (kg C/ha/2 years) 

MUKEY 1996* 2001 2006 2013 2016 

678706 -140.30 26.55 71.37 -148.98 68.85 

678770 -128.05 41.81 87.83 -137.83 83.36 

160820 -178.39 -31.86 4.17 -186.50 16.04 

696107 -123.44 30.71 76.84 -140.20 85.62 

695386 -223.13 -66.24 31.76 -101.44 92.23 

* 2006 and 2016 are among the hottest years while years 1996 and 2013 are among 

coolest years. Year 2006 is the wettest year among all years.    

 

Several studies have shown that regional factors such as climate, soil properties 

and management practices caused variability in soil trace gases emissions. Perlman et al., 

(2013) investigated the variation in N2O emissions from agriculture for large geographic 

areas, using maize production in the United States and they concluded that the variation 

in N2O emissions due to variation in regional factors is high, from ~0 to +50 kg N2O-

N/ha where emissions were low in the east and south of the United States, high in the 

northern and western plains and intermediate levels in the corn belt. Syp et al. (2016) 

used various models to estimate the N2O emissions from rapeseed cultivation in Poland 

and they found that the N2O emissions varied from <1.5 to >4.7 kg N2O-N/ha in their 

studied area. In another study by Tabatabaie and Murthy (2017) the effect of 
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geographical location and stochastic weather variation on soil emissions of camelina 

farms in the northwestern USA was assessed. They found that greenhouse gas (GHG) 

emissions during camelina production in different regions vary between 49.39 and 472.51 

kg CO2-eq./ha due to differences in agro-climatic and weather variations. 

The ECW is located across four different counties: Marion, Hamilton, Hendricks 

and Boone. The average corn yield and soybean yield for these counties were obtained 

from USDA NASS (2017) and presented in Table 4.3. The DNDC crop growth model 

was calibrated for the study area such that the average yield was close to the average 

yield for those counties. The estimated average corn and soybean yields for the entire 

ECW were 10506 and 4168 kg/ha respectively, while the reported average yields for corn 

and soybean in ECW for year 2016 were 11397 and 4169 kg/ha, respectively. It can be 

seen that, the calibrated DNDC model can effectively predict the corn and soybean yields 

in the study area. On the other hand, since measuring soil emissions is a costly, time and 

energy consuming process, it is not easy to find the field experiments which measure the 

soil emissions in each study area. Therefore, we chose a field experiment carried out in 

the Corn Belt which measured the yield and nitrous oxide emissions for corn production 

and calibrated the DNDC model based on observed results (DNDC, 2012). We used 

those results to calibrate our model for soil emissions and the average N2O emissions for 

the ECW region was estimated to be 1.04 % of applied nitrogen while the field 

experiment result for N2O emission was 1.07% of applied nitrogen.     
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Fig. 4.7 Variation in soil GHG emissions due to climate variation in corn-soybean 

cropping system 

 

Table 4.3 Average yields of corn and soybean in three counties in Indiana State. 

County Corn yield (kg/ ha) Soybean yield (kg/ ha) 

Boone 
11437 4225 

Hamilton 
11399 4082 

Hendricks 
11355 4198 

Average 
11397 4168 
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In order to test the model under different scenarios, two tillage scenarios were 

defined: conventional tillage (CT) and No tillage (NT) and the integrated model was run 

under these two scenarios. The overall GHG emisions for the corn-soybean cropping 

system was simulated and presented in Fig. 4.8. The NT scenario has lower soil GHG 

emisions compared to CT scenario. Our results are aligned with field observations 

reported by Machado (2011) and Hermle et al. (2008). No-tillage practice is widely 

recommended by several studies as a strategy to improve SOC content, reduce erosion, 

minimize agricultural energy use and decrease CO2 emission to the atmosphere (USDA 

NRCS, 2011; Kiluk, 2014).  
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Fig. 4.8 GHG emissions of corn-soybean cropping system under two tillage scenario in 

ECW 

Since the ENVISION-DNDC model is designed such that it conducts LCA as 

well as economic analysis, the LCA of corn ethanol and soybean biodiesel production 

was conducted under two tillage scenarios and the results were shown in Fig. 4.9 and Fig. 

4.10.  In this study, it was assumed that all the crops produced in the study area were 

proccesed and convereted to biofuels. Data regarding biofuel production processes after 

farm gate were taken from GREET (2016). The variation in soil emissions due to 

variation in regional factors caused variation in LCA results (Fig. 4.8). Global warming 

potential (GWP) of corn ethanol from well to wheel varied between 57 and 92 g CO2-
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eq./MJ while GWP under the NT system was lower than that of the CT system.  Feng et 

al. (2010) estimated the LCA of ethanol based on Iowa corn and they found that the GWP 

of ethanol varied from 56 to 76 g CO2-eq./MJ across different scenarios.  

 

 

Fig. 4.9 GWP of corn ethanol under two tillage scenario in ECW 

 

It can be seen from Fig. 4.10 that the GWP of soybean biodiesel varries between 

7-25 g CO2-eq./MJ due to variation in regional factors. Tabatabaie et al. (2017) 
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conducted regional LCA for caemlina biodiesel production in the Pacific Northwest and 

they reported that the GWP of camelina biodiesel varried across different locations by 

115%. The GWP under CT system is lower than NT system mainly due to the fact that 

the corn yield was lower under the NT system and since the overall soil GHG emissions 

of this cropping system was distributed based on mass yield of each crop; with lower 

crop yield, a higher GHG share was attributed to soybeans. Soybean yield was unaffected 

by the tillage system.   

 

Fig. 4.10 GWP of soybean biodiesel under two tillage scenario in ECW 
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Bessou et al. (2013) concluded and LCA for sugar beet ethanol production by 

modeling the soil emissions and considering the variation in regional factors and they 

found that the GWP of ethanol production varied between 0.045 to 0.068 kg CO2 /MJ due 

to changes in local conditions and management factors.  

After reviewing the enterprise budgets generated by Purdue University Extension 

service (2016) for corn and soybean production from 2008 to 2016, three scenarios for 

corn and soybean prices were defined. An enterprise budget is a detailed accounting of 

production costs and returns which provides an estimate of profitability for a crop 

(Arbuckle et al., 2014). The three scenarios include low, medium and high prices (Table 

4.4). After defining these three scenarios, an economic analysis was carried out; results 

are shown in Fig. 4.11. The cost break-even point was calculated as $3612.5 for each 

hectare of the 2 year corn-soybean cropping system. It can be seen from the figure that 

under the low price scenario the break-even point was not met and the net income was 

negative for all regions. As we move toward medium price scenario, some regions pass 

the break-even point and in the high price scenario, the cropping system in almost all 

regions is profitable. It should be noticed that although producing biofuels has lower 

environmental impacts than fossil fuels and can save GHG emissions, biofuel feedstock 

production should be economically feasible for farmers to continue cultivating energy 

crops. Therefore, incentives from government for energy crop producers may reduce 

GHG emissions.  
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Table 4.4 Corn and soybean prices under three scenarios 

 Price ($/kg) 

 Low Medium High 

Corn 0.14 0.19 0.22 

Soybean 0.33 0.36 0.44 

 

 

Fig. 4.11 Gross income of corn-soybean production under three scenarios (Three price 

scenarios are based on market prices of corn and soybean from 2008 to 2016) 
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4.5 Conclusions 
In this study we integrated the crop model DNDC with an LCA model using the 

ENVISION modeling platform. The DNDC model has been widely used to simulate soil 

emissions during crop growth and has been evaluated and validated by numerous 

researchers. For regional analyses, the DNDC model can be run in region mode; 

however, it cannot handle multi-year cropping systems in this mode. Our integrated 

model addressed this issue and can model multi-year cropping systems in a large region. 

The integrated model helps LCA practitioners to model soil emissions and capture 

variability of soil emissions during crop production due to variation in regional factors 

and apply these variations in their LCA. The integrated model also saves time and 

reduces the complexity of conducting LCA using crop models, at a regional scale over 

multiple years. We utilized the GREET database for conducting LCA since most of the 

processes in GREET are based on US data. We evaluated our integrated model in the 

Eagle Creek Watershed where corn-soybean cropping systems are dominant. We 

calibrated the model based on field experiments obtained from literature. Our results 

showed that soil emissions vary in response to variation in weather. The LCA results 

showed that there is variability among the GWP of corn ethanol and soybean biodiesel 

production; corn ethanol produced from corn production under no-tillage system had the 

lower environmental impacts compared with that of conventional tillage. Economic 

analysis showed that under the low price scenario, producing corn and soybean does not 

achieve profitability while under the high price scenario almost all the study area is 

profitable. The integrated model is a useful tool which integrates a crop model, LCA and 

economic analyses. 
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5. General Conclusions 
 

The goals of this work were three, in the first objective we concluded that the results of 

LCA are highly site specific and subsequently the recommendations and conclusion 

should be site specific. The variations due to the regional factors including weather 

condition, geographical location and management practices affect the results of LCA 

were quantified. The DNDC model was used to simulate the field emissions in four 

geographic locations and the results were used to calculate the environmental impacts of 

camelina biodiesel. The results showed that not only does camelina production in 

different regions have different LCA results, but also LCA results can vary within one 

region due to weather variations. In order to investigate the effect of management 

practices on field emissions three scenarios were defined including no tillage with high 

residue input scenario, common practices scenario and reduced tillage with low residue 

input scenario. Although, overall the no tillage with high residue input scenario helped to 

reduce the field emissions, the level of reduction in each location was not the same. 

Therefore, the variation in weather and soil characteristics are important factors in 

determining the overall field emissions. Results showed that the GHG emissions for 1000 

MJ of camelina biodiesel using camelina produced in Corvallis, Pendleton, Pullman and 

Sheridan under common practices scenario were 53.60±5%, 48.87±5%, 44.33±7% and 

78.88±4% g CO2-eq./MJ, respectively. Limitation of this study was that only four 

locations were considered and the soil data used for simulating field emissions were for 

one specific year in each location. In the second objective, the regional scale was 

considered and the soil emissions and LCA were modeled on regional scale. In the 
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second objective, the effect of geographical factors on LCA of camelina biodiesel 

produced from camelina cultivated in a three-year crop rotation under two management 

scenarios was investigated.  The viable lands for camelina cultivation were selected based 

on rainfall and land use across Oregon State. Most of the viable regions were scattered 

over four counties including Umatilla, Morrow, Gilliam and Sherman and were selected 

as our study area. Soil emissions were modeled using DNDC at a regional scale in the 

study area. The results showed that soil emissions varied across different locations due to 

geographical factors such as climate and soil characteristics. Two management scenarios 

encompassing no-tillage system and conventional tillage system were investigated, and 

the results showed that cropping system under no-tillage system generated less GHG 

emissions compared to conventional tillage system. A 14 years spin-up time in DNDC 

model simulations was sufficient to establish the SOC equilibrium compared to the 20 

years recommended value and resulted in reduced computation times. The GWP of 

camelina biodiesel varied between 39 to 84 kg CO2-eq./1000 MJ across different 

locations and scenarios. Nitrogen related emissions and nitrate had the highest 

contribution in both acidification and eutrophication of camelina biodiesel. Therefore, 

variation in soil emissions caused by geographical factors can significantly affect these 

two environmental impact categories. The effect of transportation on overall GWP of 

camelina biodiesel was negligible (<5%) and transportation distances variations were not 

considered. Uncertainty analysis was carried out using Monte Carlo method, and the 

results indicate that there can be up to 23% variation in soil emissions due to variation in 

air temperature and SOC. The break-even cost for a three-year crop rotation (winter 

wheat-fallow-camelina) was estimated to be 1715 $/ha/3years; therefore, locations with 
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income equal or more than the break-even cost and low environmental impacts are 

suitable for the winter wheat-fallow-camelina rotation system. Finally, in the third 

objective, the crop model DNDC was integrated with LCA model using the ENVISION 

as a platform. The DNDC can be run in regional mode however, it cannot handle multi-

year cropping systems in regional mode. The integrated model addressed this issue and 

can be run in multi-year cropping systems in a large region. The integrated model helps 

LCA practitioners to model the soil emissions and capture the variability of soil 

emissions during crop production due to variation in regional factors and apply these 

variations in their LCA. The integrated model also saves time and reduce the complexity 

of conducting LCA using crop models. The proposed model has high capability 

flexibility, especially, when the user wants to conduct LCA in a large region considering 

several years. The Integrated model was implemented with GREET database for 

conducting LCA since most of the processes in GREET are based on US data. The 

integrated model was evaluated in Eagle Creek Watershed where corn-soybean cropping 

system is adopted in farmlands. We calibrated the model based on field experiments 

obtained from literature. Our results showed that there is a great variability of soil 

emissions due to variation in climate. Besides, the LCA results showed that there is a 

variability among the GWP of corn ethanol and soybean biodiesel production while corn 

ethanol produced from corn production under no-tillage system had the lower 

environmental impacts compared with that of conventional tillage. Moreover, the 

economic analysis showed that under the scenario with low prices, producing corn and 

soybean is not meeting the break-even point while under the high prices scenario almost 

all the study area meets the break-even point. The integrated model is a useful tool which 
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integrates crop model, LCA and economic data, however it can be improved by adding 

hydrology models.       
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7. Appendix A 
 

7.1 DNDC model equations 

As it is discussed in previous chapters, DNDC model is a process-based model which 

predicts biomass production as well as soils emissions, nitrate leaching, 

evapotranspiration and etc. for this purpose, classical laws of physics, chemistry and 

biology, as well as empirical equations generated from laboratory studies, have been 

incorporated in the model to parameterize each specific geochemical or biochemical 

reaction. The entire model forms a bridge between the C and N biogeochemical cycles 

and the primary ecological drivers (DNDC, 2012). Numerous equations are used by this 

model to simulate the important reactions such as nitrification, denitrification, crop 

growth and etc. Table 5.1 shows the equations used in DNDC model. 

Table 7.1 Equations used in DNDC model (Taken from Zhang et al., 2002) 

Equation  Description 

Day length and solar radiation  

DL = 12+24/π arcsin S/C Day length 

S = sin φ sin ω   

S = cos φ cos ω  

ω = −arcsin[sin(23.4×180/ π)cos(2π(JD+10)/365)] Solar declination 

SRd = DS0(a+bSh/DL) Deriving solar radiation from 

sunshine duration 

SRd = DS00.7[1−exp(−BΔT24)] Deriving solar radiation from 

temperature extremes 

DS0 = 3600SC[DLS+24C(1−S2/C2)0.5/π] Extraterrestrial insolation 

SC = 1370[1+0.033 cos(2πJD/365)] Solar constant 
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I0 = 0.55SRd (sin β)(1+0.4 sin β)/x Photosynthetically active 

radiation at certain time 

x = 3600[DL(S+0.4S2+0.2C2)+12C(2+1.2SLπ(1−S2/C2)0.5)]  

sin β = S+C cos[2π(t+12)/24] Sine of solar elevation 

Temperature  

 Tc max = Tmax fs(Tmax) Canopy daily maximum 

temperature 

 Tc min = Tmin fs(Tmin) Canopy daily minimum 

temperature 

fs(T) = {
1                                                                                   𝑤ℎ𝑒𝑛 𝑇 ≥ 0
2 + 𝑇[0.4 + 0.0018(min(15, 𝑆𝑛𝑜𝑤) − 15)2] 𝑤ℎ𝑒𝑛 𝑇 < 0

 
Effect of snow cover on canopy 

temperature 

Tcm = 0.5Tc max + 0.5Tc min Canopy daily mean temperature 

Tcd =0.5Tcm + 0.5Tc max Canopy daytime mean 

temperature 

Tc(t) = Tc min + (Tc max−Tc min)sin [π(t−11.82+0.5DL)/(DL−3.3)] Daytime Canopy hourly temperature 

during daytime 

Tc(t) = Tc min + (T '−Tc min) exp [2π(t−11.82+0.5DL)/(24−DL) Nighttime Canopy hourly temperature 

during nighttime 

Tsl = Tam + exp(−2/DD)[DT+0.5Taa cos(2π(JD−JD0)/365−2/DD)] Daily mean temperature of soil 

layers 

DT = ∑ 0.2𝑇𝑘 − [𝑇𝑎𝑚 + 0.2𝑇𝑎𝑎 cos(
2𝜋(𝐽𝐷−𝐻)

365
)]5

𝑘=1  Surface temperature adjustment 

factor 

Tk = (1−α)[Tcm+(Tc max−Tc min)(0.03SRd)
0.5+αTk+1] Estimated soil surface 

temperature 

DD = x1 exp[ln(50/x1)((1−x2)/(1+x2))
2] Damping depth (cm) 

x1=100+250BD/(BD + exp(5.63−5.63BD))  

x2=SWl/(3.65−1.44BDl)  

Water  

SMmax =0.07Tcm Daily maximum snow melt (cm) 

PImax =0.02LAI Daily maximum crop 

interception (cm) 

Runoff = {
0.1(𝑤−0.2𝑠)2

𝑤+0.8𝑠
  𝑤ℎ𝑒𝑛 𝑤 ≥ 0.2𝑠

0                   𝑤ℎ𝑒𝑛 𝑤 < 0.2𝑠
 

Daily surface runoff (cm) 
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s = 254(100−cn)/cn Retention factor 

Drain = SWcon(SWl −FCl)Hl Daily gravitational 

redistribution from layer l to l+1 

Diff=Dw(θl −θl−1)/(Hl+Hl−1)0.5Hl Daily matric redistribution rate 

from layer l to l-1 

Dw =0.88 exp[35.4×0.5(θl −θl−1)] Diffusion coefficient 

θl=SWl−LLl  

ETp = {

0.01𝐸𝐸𝑄 exp[0.18(𝑇𝑐 𝑚𝑎𝑥 + 20)]       𝑤ℎ𝑒𝑛   𝑇𝑐 𝑚𝑎𝑥 < 5 

1.1𝐸𝐸𝑄                                             𝑤ℎ𝑒𝑛  5 ≤ 𝑇𝑐 𝑚𝑎𝑥 < 24

𝐸𝐸𝑄 (1 − 0.43𝐿𝐴𝐼)                               𝑤ℎ𝑒𝑛   𝑇𝑐 𝑚𝑎𝑥 ≥ 24

 

Potential evapotranspiration 

EEQ =0.0001 SRd(4.88−4.37α)(Tcd+29) Equilibrium evapotranspiration 

α = 

{
 
 

 
 
0.6                                                     𝑆𝑛𝑜𝑤 > 0.5
𝛼0                                                             𝑁𝑜 𝑐𝑟𝑜𝑝

0.23 +
(𝐿𝐴𝐼−4)2

160
               𝐺𝑟𝑎𝑖𝑛 𝑓𝑖𝑙𝑙𝑖𝑛𝑔 𝑠𝑡𝑎𝑔𝑒

0.23 − (0.23 − 𝛼0) exp(−0.75𝐿𝐴𝐼)    𝑂𝑡ℎ𝑒𝑟𝑠

 

 

EP = {

𝐸𝑇𝑝

1.1exp(−0.4𝐿𝐴𝐼)
         𝑤ℎ𝑒𝑛 𝐿𝐴𝐼 ≥ 1  

𝐸𝑇𝑝(1 − 0.43𝐿𝐴𝐼) 𝑤ℎ𝑒𝑛  𝐿𝐴𝐼 < 1
 

Potential evaporation 

Tp = ETp−Ep Potential transpiration 

Ea = Ep fD,E Actual soil evaporation 

fD,E = ∑
𝑆𝑊𝑙−𝐿𝐿𝑙

𝐹𝐶𝑙−𝐿𝐿𝑙𝐻𝑙
/𝑍𝑛𝑒

𝑛𝑒
𝑙=0  

Effects of soil moisture on 

evaporation 

Ta = min (Tp
 , ∑ 𝑊𝑢𝑝𝑙

𝑛
𝑖=0

 ) Actual transpiration 

Wupl = R0Rldl/(0.2+0.2Rldl)fw1,lHl Crop uptake capacity from layer 

l 

fw1,l = sin[(SWl−LLl)/(FCl−LLl)1.25π/2] Effects of soil moisture on water 

uptake 

ws = Ta /Tp Crop water stress factor 

Photosynthesis  

P0 = 0.1×30/44min(ws,ns)fCO2 ∑ ∑ 𝑃(𝐿𝑖 , 𝑡𝑗)𝐿𝐴𝐼 𝐷𝐿 𝑤2𝑗𝑤2𝑖
3
𝑗=1

3
𝑖=1  Daily gross photosynthesis 

(g/m2) 
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fCO2 = 1+ µ ln(CO2/340) Effects of CO2 concentration on 

photosynthesis 

Li = LAI.wi                               (i=1,2,3) Three canopy layers for 

Gaussian integration 

tj = 12+0.5DL.wj            ( j=1,2,3) Three points of time for 

Gaussian integration 

P(Li,tj) = FSLPSL + (1−FSL)PSH Gross photosynthesis rate at 

layer Li and time tj 

FSL =exp(−KBLLi) Fraction of sunlit leaf area 

PSH = Am[1−exp(−ISHE/Am)] Photosynthesis rate of sunlit 

leaves 

PSL=Am[1−(Am−PSH)[1−exp(−IPDRE/Am)]/(IPDRE)] Photosynthesis rate of shaded 

leaves 

Am=Amax0 fTP Photosynthesis at light 

saturation 

IPDR =(1−ơ)IDR0/sinβ Light which is perpendicular to 

leaf surface 

ISH = IDF+(IDR−I'DR) Light absorbed by shaded leaves 

in a layer 

IDF = (1−αh)IDF0KDF exp(−KDFLi) Diffuse light 

IDR =(1−αs)IDR0KDR exp(−KDRLi) Direct light 

I'DR =(1−ơ)IDR0KBL exp(−KBLLi) Direct component of the direct 

light after canopy scattering 

αh =[1−(1−ơ)0.5]/[1+(1−ơ)0.5] Reflectivity of horizontally 

distributed canopy 

αs = 2αh/(1+2 sin β) Reflectivity of spherically 

distributed canopy 

KBL =0.5KDF/[0.8 sin β(1−ơ)0.5] Extinction coefficient of 

assumed black body leaves 

KDR =KBL(1− ơ)0.5 Extinction coefficient of direct 

light 

IDR0 =I0−IDF0 Direct light above the canopy 

IDF0 =I0FDF Diffuse light above the canopy 

FDF = {

1                                                     𝑤ℎ𝑒𝑛 𝐶𝑎𝑡  ≤ 0.22

1 − 6.4(𝐶𝑎𝑡 − 0.22)
2   𝑤ℎ𝑒𝑛 0.22 < 𝐶𝑎𝑡 ≤ 0.35

1.47 − 1.66 𝐶𝑎𝑡                 𝑤ℎ𝑒𝑛 0.35 < 𝐶𝑎𝑡 ≤ 𝑥3
𝑥4                                                        𝑤ℎ𝑒𝑛 𝐶𝑎𝑡 > 𝑥3

 

Fraction of diffuse light above 

the canopy 

x4 = 0.847−1.61 sin β + 1.04 sin2 β  
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x3 = (1.47−x4)/1.66  

Cat = I0(0.5SC sin β) Atmospheric transmission 

coefficient 

Respiration  

Rmk = Rm0kQ10
(Tcm−25)/10 BMk Maintenance respiration 

Rg = (𝑃0 − ∑ 𝑅𝑚𝑘
4
𝑘=1 )(1 −

1

𝑅𝑔0
)  Growth respiration 

Rooting  

ΔDroot = 0.2Dtt min(RTS,RTA) Daily increase of root front 

depth 

ΔRldl = RAsm(1−F)/Hl fROOTl/∑ 𝑓𝑅𝑂𝑂𝑇𝑖 − 𝑅𝑙𝑑𝑙𝐹𝑅𝑆𝑙
𝑛
𝑖=1  Daily increase of root length 

density in layer l 

R=∑𝑅𝑙𝑑𝑙𝐻𝑙/𝐵𝑀𝑅𝑜𝑜𝑡 Average specific root length 

fROOTl = [1−Zl/300]CP Rootmin(RTS,RTA,RTT,RTN) Root distribution factor 

FRSl = 0.01(2 - min(RTS,RTA,RTT,RTN)) Fraction of daily root 

senescence 

RTs = 
1.6+0.4𝑠𝑎𝑛𝑑𝑙−𝐵𝐷𝑙

0.5−0.1𝑠𝑎𝑛𝑑𝑙
 sin (1.25

𝑆𝑊𝑙−𝐿𝐿𝑙

𝐹𝐶𝑙−𝐿𝐿𝑙

𝜋

2
) Soil strength limiting factor 

RTA = CPWET + (1−CPWET)(UL−SWl)/(UL−FCl) Soil aeration limiting factor 

TT = cos(π (Ts−20)/40) Soil temperature limiting factor 

RTN = 1 - 1.17 exp[-0.15(NO3pl+NH4pl )] Soil nitrogen limiting factor 

Crop nitrogen  

Ndem = Ndem, d + Ndem, g Daily nitrogen demand 

Ndem, d  = BMRoot(NR0−NR)+(BMLeaf + BMStem)(NS0 − NS) Deficiency demand 

Ndem, g = Asm[F.NS0+(1−F)NR0] Growth demand 

Nup = 0.06 Ʃ fW2,lRldl( fNO3l + fNH4l)Hl Uptake capacity 

fNO3l = 1−exp(−0.0275NO3pl) Effects of nitrate concentration 

fNH4l = 1−exp(−0.0275NH4pl) Effects of ammonium 

concentration 
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fW2,l = 1−0.5(SWl − LLl)/(FCl−LLl) Effects of soil moisture 

ns = 1 −(NS − NS0)/(NS0−NS min) Nitrogen stress factor 

Npool =[BMRoot(NR−NR min )+(BMLeaf+BMStem)(NS−NS min)] (0.15+0.5ns) 

Decomposition and methane emissions 

Movable nitrogen in shoot and 

root 

ΔCi = µclayµCNµTµWµTilKciCi Decomposition rate of a carbon 

pool 

µT = 0.2161+0.093Ts − 0.0014Ts The effects of temperature 

µW = −1.7827W2
fps, l + 2.3824Wfps− 0.222 The effects of moisture 

µclay = log(0.14/clayl) + 1 The effects of clay adsorption 

Aere = BMroot /1000 Rice Aerenchyma factor 

ΔChl = {
100(0.5𝐴𝑒𝑟𝑒 − 0.5)                                    𝐹𝑙𝑜𝑜𝑑𝑖𝑛𝑔

100[0.5𝐴𝑒𝑟𝑒 + 100(1 −𝑊𝑓𝑝𝑠 𝑙)      𝑁𝑜𝑛𝑓𝑙𝑜𝑜𝑑𝑖𝑛𝑔
  

Daily increase of redox 

potential 

CH4E = CH4P − CH4O Daily methane emissions to the 

atmosphere 

CH4O = CH4P(0.5+0.5Aere) Daily methane oxidation 

CH4P = 0.47CCH4 fTM fEh fpHM Daily methane production 

 

CCH4=∑[CS1+ FRS1FROOTlBMRoot4]

n

l=0

 

Carbon pool for methane 

production 

fTM = exp[0.33(Ts−23)]/[1+exp(0.33(Ts−23))] Effects of temperature 

fEh = {
1    𝐸ℎ ≤ −200
0    𝐸ℎ > −200

 
Effects of redox potential 

fpHM=
(pH‐5.5)(pH‐9.0)

(pH‐5.5)(pH‐9.0)‐(pH‐7.5)2
 

Effects of pH 

Soil nitrogen  

𝐹𝑁𝐻4 = [0.41 − 0.47 log(𝑁𝐻4) 𝑐𝑙𝑎𝑦/𝑐𝑙𝑎𝑦𝑚𝑎𝑥  Ammonium adsorption 

log KNH4 − log KH2O = log(NH4m/NH3m) + pH Equilibrium of ammonium and 

ammonia 
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AM = 2NH3(DNO3,Nt/3.14)0.5 Ammonia volatilization 

𝑁𝑂3,𝑁 = 𝑁𝐻4[1 − exp(−𝐾35𝑓𝑇𝑁)]𝑓𝑊𝑁𝑓𝑝𝐻,𝑁  Nitrification rate 

fT,N = −0.0272(0.1Ts)
4 + 0.1566(0.1Ts)

3 − 0.2234(0.1Ts)
2+0.03094Ts -

0.0233 

Effects of temperature on 

nitrification 

𝑓𝑊,𝑁 = −12.904𝑊𝑓𝑝𝑠
4 + 17.651𝑊𝑓𝑝𝑠

3 − 5.5368𝑊𝑓𝑝𝑠
2 + 0.9975𝑊𝑓𝑝𝑠

− 0.0243 

Effects of soil moisture on 

nitrification 

fpH,N = −0.0604pH2 + 0.7347pH − 1.2314 Effect of pH on nitrification 

Js =−SWlDSGS + JwSC Solute movement 

DS =0.6 + 2.93υ1.11 Diffusion coefficient 

µT,DN = 2(TS−22.5)/10 Temperature reduction factor 

µpH,NO3 = 0.313(pH−3.18) pH reduction factor 

µpH,NO2=1.0 pH reduction factor 

µpH, N2O=0.384(pH−4.4)  

(dB/dt)g =UDNB(t) Denitrifier growth rate 

UDN = µT,DN(UNO3µpH, NO3 + UNO2µpH, NO2 + UN2OµpH, N2O) Relative denitrifier growth rate 

UNxOy =UNxOy, mCs/(Kc, ½ + Cs)NxOy/(KNxOy, 1/2+NxOy) Maximum denitrifier growth 

rate 

(dB/dt)d = McYcB(t) Denitrifier death rate 

CCON =(UDN/Yc+Mc)B(t) Consumption of soluble carbon 

CO2, DN = CCON − (dB/dt)g CO2 production 

dNxOy/dt = (UNxOy/YNxOy + MNxOyNxOy/N)B(t)µpH, NxOyµT,DN Nitrate, nitrite, and nitrous 

oxide consumption 

(dN/dt)asm = (dB/dt)g1/CNRDN Nitrogen assimilation rate 

N2ON = 0.0006NO3.NWfps2.7234.6−9615/(Ts+273.15) N2O production during 

nitrification 

NON = 0.0025NO3.N2.7234.6−9615/(Ts+273.15) NO production during 

nitrification 



178 
 

 
 

FN2O,NO = 0.017 + (0.025−0.0013fclay)(1−Wfps)2
Ts/20 N2O and NO emissions 

FN2 = (0.0006+0.0013fclay) + (0.013−0.005fclay)(1−Wfps)2
Ts/20 N2 emissions 

  

Table 7.2 Symbols used in DNDC model equations (taken from Zhang et al., 2002)  

Symbol Notation Symbol Notation 

α Empirical parameter, 0.25, 0.29 and 

0.18 for dry tropical, wet tropical and 

other areas, respectively 

CH4O, 

CH4P 

Oxidation and production of methane, 

respectively (kg C/ha) 

Aere Plant aerenchyma factor Ci, ΔCi  Carbon pool i and its daily decomposition 

rate in a layer (kg C/ha) 

Am Photosynthesis rate at light saturation 

(kg CO2/ha/h) 

clayl, 

claymax 

Fraction of clay (<0.002 mm) in layer l and 

maximum clay faction (0.63), respectively 

AM Accumulated NH3 loss at time t (kg 

N/ha) 

CO2 Atmospheric CO2 concentration (ppm) 

Amax0 Photosynthesis rate at light saturation 

when temperature is optimal (kg 

CO2/ha/h, input) 

CO2,DN CO2 production during denitrification (kg 

C/ha) 

Asm Daily crop assimilation rate (P0Rg, 

g/m2) 

cn SCS curve number for surface runoff 

b Empirical parameter. 0.45, 0.42, 0.55 

for dry tropical, wet tropical and other 

areas, respectively 

CNRDN C/N ratio of denitrifiers (3.45) 

B,B(t) Total biomass of denitrifier (kg C/ha) CS, CSl Soluble carbon in current layer or in layer l 

(kg C/ha) 

BD, BDl Average soil bulk density of the whole 

profile, and soil layer l, respectively 

(g/cm3) 

CPWET Crop parameter, sensitivity to wetting 

conditions (0.5 for wheat and corn, 1 for 

rice) 

BMk Biomass of crop organ k (g/m2) CPRoot Crop parameter for root distribution 

(2 for wheat and rice, 3 

for corn) 

BMLeaf, 

BMRoot, 

BMStem 

Biomass of leaf, root and stem, 
respectively (g/m2) 

(dB/dt)g Potential growth rate of denitrifier biomass 

(kg C/ha/h) 

BMStem0 Stem biomass at flowering (g/m2) (dB/dt)d Death rate of denitrifier biomass (kg C/ha/h) 

Cat Atmospheric transmission coefficient (dN/dt)as

m 

Nitrogen assimilation rate by denitrifiers 

(kg N/ha/h) 

CCH4 Carbon pool for methane production 

(kg C/ha) 

DD Damping depth in soil temperature 

estimation (cm) 

CCon Consumption of soluble carbon during 

denitrification (kg C/ha) 

Diff Daily diffusion flux of water between soil 

layers (cm) 

CH4E Emission of methane into the 

atmosphere (kg C/ha) 

DL, DL0 Day length and critical daylength for 

photoperiodism, respectively (h) 
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Dcrop0, 

Dcrop 

Plant density (plants/m2) and stem 

density (stems/m2), respectively 

fTP Effects of temperature on photosynthesis 

rate at light saturation 

Droot Depth of root front (cm) fW1,l, fW2,l Effects of moisture on water and nitrogen 

uptake, respectively 

DR Crop development rate (d−1) FWN Effects of soil moisture on nitrification 

Drain Daily water draining flux (cm) F Fraction of assimilate partitioned to above 

ground organs 

Ds Diffusion coefficient of a solute (cm 

soil ha/kg/d) 

FCl Soil moisture of layer l at field capacity 

(cm3 water/cm3 soil) 

DS0 Extra-terrestrial insolation (J/m2/d) FDF Fraction of diffuse light 

Dtt Daily thermal time (°C d) FN2O, 

NO,N2 

Fraction of N2O, NO and N2 emitted to the 

atmosphere, respectively 

DT Adjustment factor for the effects of 

surface temperature 

FNH4 Fraction of adsorbed NH4
+ 

Dw Diffusion coefficient of soil water FRSl Fraction of root senescence in layer l 

E Initial light use efficiency (kg 

CO2/ha/h)/(J/m2/s) 

FROOTl Fraction of the total root system (biomass or 

length) in layer l 

Ea Actual soil evaporation (cm) FSL Fraction of sunlit leaf area 

EEQ Equilibrium evapotranspiration(cm) fTN Effects of temperature on nitrification 

Eh, ΔEh Redox potential and its daily increase 

(mV) 

GroL Daily growth of LAI (m2 leaf/m2 land) 

Ep Potential evaporation (cm) Gs Concentration gradient of a solute (kg/ha 

cm water cm soil) 

ETp Potential evapotranspiration (cm) Hl, Hl+1 Thickness of soil layer l and l+1 (cm) 

fClay Effects of clay adsorption on nitrogen 

gas emissions 

I0 Photosynthetically active radiation at a 

certain time of day(J/m2/s) 

fCO2 Effects of CO2 concentration on 

photosynthesis 

IDF Diffuse light because of atmosphere 

scattering (J/m2/s) 

fD,E Effects of soil moisture on soil 

evaporation 

IDR0, IDR Direct light above the canopy and accepted 

by sunlit leaves, respectively (J/m2/s) 

fDL Crop photoperiodism parameter for 

the sensitivity to day length 

I'DR Direct light in canopy if the leaves are non-

scattered back bodies (J/m2/s) 

fEh Effects of redox potential on methane 

production 

IPDR Light which is perpendicular to leave 

surface (J/m2/s) 

fNH4,l, 

fNO3,l 

Effects of ammonium and nitrate 

concentration on nitrogen uptake, 

respectively 

ISH Light received by shaded leaves (J/m2/s) 

fpHM Effects of pH on methane production l Soil layer sequence number from the 

surface 

fpH,N Effects of soil pH on nitrification Js Solute flux (kg/d) 

fROOT,l Distribution factor for new root 

growth in soil profile 

Jw Water flux (cm water/d) 

fs(T) Snow effects on canopy temperature JD, JD0 Current Julian date and Julian date when 

solar altitude is the highest 

fTM Effects of temperature on methane 

production 
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K Light extinction coefficient for 

diffusion light in canopy 

NR, NR0, 

NRmin 

Current, critical and minimum nitrogen 

concentration in root, respectively (g/g) 

K35 Nitrification rate at 35 °C (25 mg/kg 

soil/d) 

NS, NS0, 

NSmin 

Current, critical and minimum nitrogen 

concentration in shoot, respectively (g/g) 

KC,1/2 Half-saturation value of soluble 

carbon (0.017 kg C/m3) 

Nup Nitrogen uptake capacity (g/m2) 

KCi Specific decomposition rate of carbon 

pool i (d−1) 

NxOy Concentrations of NO3
−, NO2

− or N2O in 

soil water (kg N/ha) 

KBL Extinction coefficients of canopy 

assuming leaves are back bodies 

P0 Daily gross photosynthesis (g/m2) 

KDF, 

KDR 

Extinction coefficient of diffuse light 

and direct light in canopy, respectively 

Pi Thermal time required for crop 

development in stage i (°C d) 

KH2O, 

KNH4 

Dissociation constant for H+:OH− 

equilibrium and NH4
+:NH3 

equilibrium, respectively 

P(Li,tj) Photosynthesis at canopy layer Li at time tj 

(kg CO2/ha/h)  

KNxOy,1/2 Half-saturation value of NxOy (0.083 

kg N/m3) 

pH Soil pH 

LAI, 

ΔLAI 

Leaf area index and its daily increase 

(m2 leaf/m2 land) 

Phr Phyllochron of wheat (95 °C d) 

Li Leaf area index above layer i (m2 

leaf/m2 land) 

PImax Daily maximum plant interception (cm 

water) 

LLl Soil moisture of layer l at wilting point 

(cm3 water/cm3 soil) 

PSH, PSL Photosynthesis rate of shaded leaves and 

sunlit leaves, respectively (kg CO2/ha/h) 

Mc, 

MNxOy 

Maintenance coefficient of carbon (kg 

C/kg C/h) and NxOy (kg N/kg N/h), 

respectively 

Q10 Crop maintenance respiration quotient (2.0) 

n, nr Total soil layers and soil layers 

influencing evaporation, respectively 

R Average specific root length (cm/g) 

ns Nitrogen stress factor (0–1. 1 for not 

limiting effects, and 0 for completely 

limited) 

R0 Root water uptake coefficient (0.003 cm 

water/cm root) 

N Total nitrogen of NxOy in a soil layer 

(kg N/ha) 

Rg, Rg0 Crop growth respiration (g/m2) and average 

growth efficiency coefficient, respectively 

Ndem Total crop nitrogen demand in a day 

(g/m2) 

Rldl Rood length density of layer l (cm root/cm3 

soil) 

Ndem,d, 

Ndem,g 

Crop nitrogen demand because of 

deficiency and growth, respectively 

(g/m2) 

Rm,k, 

Rmo,k 

Maintenance respiration (g/m2) and 

maintenance respiration coefficient of crop 

organ k 

NH4m NH3 concentration in liquid phase 

(mol/l) 

RTS,l, 

RTA,l, 

RTT,l, 

RTN,l 

Limiting factors for the effects of soil 

strength, aeration, temperature and nitrogen 

on rooting, respectively NH4, 

NH4p,l 

NH4
+ in a soil layer in kg N/ha 4,  

and in ppm, respectively 

NO3p,l Nitrate concentration in soil layer l 

(ppm) 

Runoff Daily surface runoff (cm) 

NO3,N NH4
+ converted to NO3

− (kg N/ha/d) s Retention parameter for surface runoff 

estimation 
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S Mid variable Tp, Ta Potential and actual crop transpiration (cm) 

Sandl Fraction of sand (2–0.05 mm) in layer 

l 

UDN Relative growth rate of denitrifiers 

Sc Solute concentration in soil solution 

(kg/ha/cm water) 

UNxOy, 

UNxOy,m 

Relative growth rate and maximum growth 

rate of denitrifiers 

SC Solar constant (J/m2/s) ULl Soil porosity of layer l (cm3 void/cm3 soil) 

SD Sowing depth (cm) υ Average pore water velocity (=Jw/SWl cm 

water/d) 

SenL Daily LAI senescence rate 

 (m2 leaf/m2 land) 

W Water input to soil surface (cm) 

Sh Daily sunshine duration (hr) w1i, w1j Gaussian integration weighting factor, 

1/3.6, 1.6/2.3 and 1/3.6 for w21, w22 and w23, 

respectively 

Sla0, Sla Primary and current specific leaf area, 

respectively (m2/g, Sla0 = 45 m2/g) 

SLW, 

SLN, 

SLL, 

SLT 

Water, nitrogen, light (or density) and 

temperature effects stress on leaf 

senescence, respectively 

Wfps,l Soil moisture of a layer (fraction of water 

filled pore space) 

Snow, 

SMmax 

Snow and daily maximum snow melt 

(cm water) 

ws Water stress factor (0-1.1 for not limiting 

effects, and 0 for completely limited) 

SRd Daily solar radiation (J/m2/s) Wupl Water uptake from layer l (cm) 

SWl Soil moisture of layer l (cm3 

water/cm3 soil) 

x, x1–x4 Mid variables 

t, tj Time in a day (h) Xs A continuous phenological development 

scale 

T Temperature for Tmax and Tmin (°C) Yc, YNxOy Maximum growth yield on soluble carbon 

(kg C/kg C) and on NxOy (kg C/kg N), 

respectively 

ΔT, ΔTa Daily range of extreme temperatures 

and its monthly average, respectively 

(°C) 

T' Temperature at sunset (°C) zs Zadokes development scale 

Taa, Tam The amplitude and mean of annual 

temperature, respectively (°C) 

Zl, Zne Depth of layer l, and depth of top soil 

affecting evaporation (20 cm), respectively 

(cm) Tc(t) Canopy temperature at time t (°C) 

Tcd, Tcm Canopy daytime and daily mean 

temperature, respectively (°C) 

α, α0 Albedo of the field and bare soil, 

respectively 

Tc max, Tc 

min 

Canopy daily maximum and minimum 

temperature, respectively (°C) 

αh, αs Reflectivity of horizontally and spherically 

distributed canopy, respectively 

Tdtt Thermal time accumulated in a stage 

(°C d) 

β The elevation angle of the sun (gradient) 

TDb, TDm Base and maximum temperature of 

crop development (°C) 

π 3.14159 

Tk, Tk+1 Soil surface temperature in day k and 

k+1 

θl, θl-1 Soil moisture above wilting point of layer l 

and l−1 (cm3 water/ cm3 soil) 

Tmax, 

Tmin 

Daily air maximum and minimum 

temperature (input, °C) 

φ Latitude (gradient) 

Ts, Tsl Soil daily temperature in current layer 

or layer l (°C) 

ω Solar declination (gradient) 
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µ Crop parameter for CO2 effects on 

photosynthesis (0.4 and 0.8 for C4 and 

C3 plants, respectively) 

µT, µTil, 
µW 

Reduction factor of temperature, tilling and 

soil moisture on decomposition, 

respectively 

µclay, 
µCN 

Reduction factor of clay adsorption 

and C/N ratio on decomposition, 

respectively 

µT,DN Reduction factor of temperature on 

denitrification 

µpH,NxOy Reduction factor of soil pH on 

denitrifier growth 

ơ Scatter coefficient (0.2) 

 

 

7.2 ENVISION-DNDC model 

In order to integrate DNDC with LCA, ENVISION was used as a platform for 

this integration. ENVISION is a GIS-based tool for scenario-based community and 

regional integrated planning and environmental assessments. Since ENVISION is a GIS 

based tool, it helps to conduct regions scale modeling for both soil emissions and LCA. 

DNDC was used as a plug-in for ENVISION and for this integration, some changes were 

needed to be made on DNDC source code. DNDC source code is in C++ language which 

makes the integration with ENVISION easier since ENVISION has been written in C++. 

DNDC needs four sets of data to run, climate data, soil data, crop data and management 

practices. Some of these data are obtained from user inputs and some from existing 

libraries. Theses libraries such as soil library, crop library and etc. are in JSON format. 

Since it is easier for ENVISION to read CSV files, the libraries were changed to CSV 

files. Soil data are prepared as a map for a region and this map is used as IDU map in 

ENVISION. As it discussed earlier, ENVISION is a GIS based software, so it needs a 

map to run. IDU (integrated decision unit) is a shape file that contains the polygons that 

form the decision units for ENVISION. Decision unit can be a field in DNDC context. 

The IDU map also contains the climate IDs which are connected to the climate files 

stored in a separate folder. Climate files are csv files which at minimum level should 
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have daily maximum and minimum temperatures as well as daily precipitations for one 

year. The coverage map also contains latitude and longitude of each polygon. Three .cpp 

files for crop, soil and climate were defined which captures the data in IDU as well as 

data in libraries. Some functions were defined to connect the entry point of the DNDC 

source code where the inputs are being read (site_config.cpp) to the data. The 

management data were written as an XML file and a function connects the management 

data to the entry point. Finally, a cpp file which contains three major functions, including 

Init, InitRun and Run was created. The Init functions is called when ENVISION first 

starts up and loads the model. The InitRun fuction is called at the beginning of each run.  

It preforms any necessary initialization needed by model for a new run. The Run 

functions the main model entry point. This function is called by ENVISION repeatedly 

during an analysis run, at an interval specified by the user through the model setup dialog 

box.    

A modeler file written in XML was used to implement the model with LCA data 

such that the ENVISION captures the required results from DNDC, and conduct LCA for 

a specific crop or process. The modeler contains the LCA factors obtained from GREET 

database (GTEER, 2015) as constants and the agricultural inputs (e.g. fertilizer, 

pesticides, Agricultural machinery) as variables which can be updated. An excel sheet 

was designed such that a user can enter the agricultural inputs based on each case study 

and the macro defined in excel sheet will automatically update the modeler XML file. 

The modeler also contains economic data, so it can calculate the income and break-even 

point for each crop. The LCA and economic results will be written in the coverage map 

so the user can see the crop model and LCA results by one run.      


